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CHAPTER 1 

INTRODUCTION 

Scheduling may be loosely defined as the art of 

assigning resources to tasks in order to ensure the 

completion of these tasks in a reasonable amount of time 

and at a reasonable cost (Dempster, Lenstra and 

Rinnooykan, 1982) . 

1 . 1. Problem Statement 

The classical scheduling problem has elements of a 

set of machines and a collection of jobs to be scheduled, 

with each job consisting of several operations. Many 

different scheduling rules have been developed. Examples 

are SPT (shortest processing time), EDD (earliest due 

date), and so forth. These scheduling rules use job 

information such as number of operations, job processing 

times, and due dates, to dispatch jobs so that 

performance measures can be optimized . 

In practice, the information for scheduling jobs is 

not always available. For instance, true processing times 

of a job may be unknown prior to job completion. However, 

a schedule needs to be drawn up before actual job 

processing begins. The true processing times of a job can 

be known only if the actual job processing is finished. 

Therefore, schedulers normally make a scheduling decision 
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according to anticipated processing times of jobs to be 

processed. The anticipated processing times may not be 

the same as the true processing times. Some errors exist 

in the estimation because there are many random factors 

which make it very difficult to have accurate estimations 

of job processing times. Sometimes anticipated processing 

times are quite different from true processing times. If 

scheduling decisions are made based on the anticipated 

processing times that are different from the true 

process~ng times, the 

inappropriate. It is 

scheduling decisions might be 

important to study the rule 

performance under various situations of inaccuracy of job 

processing time estimation. The inaccuracy of processing 

time estimation is defined here as the deviation between 

true and anticipated processing times . 

1.2. Research Objective 

In this study, we evaluate the performance of 

several commonly used scheduling rules under various 

situations in order to investigate the effectiveness of 

the rules at various levels of inaccuracy of processing 

time estimation. We are also interested in how the 

performances of these rules change when the level of 

inaccuracy increases in order to investigate the 

allowable range and the robustness of the rules. A robust 

rule can be defined as a rule whose performance does not 
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deteriorate significantly when the degree of inaccuracy 

of processing time estimation changes . 

The objectives of this research can be summarized as 

follows: 

1 . Evaluation of the performance of the rules at 

each level of inaccuracy to investigate the 

effectiveness of the rules under various 

situations, 

2. Comparison of the performance of different 

rules under various inaccuracy situations to 

investigate the allowable range and the 

robustness of the rules. 

This study has potential applications in industry. 

Based on the results of the study, some suggestions can 

be made for industrial schedulers. For example, the study 

gives the al l owable range of inaccuracy of processing 

time estimation for making correct scheduling decisions. 

The study also provides the conclusion of which rule(s) 

is(are) more robust under the different situations of 

inaccuracy of processing time estimation . 
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CHAPTER 2 

LITERATURE REVIEW 

In a job shop, if jobs arrive at the shop over a 

period of time, it is called a dynamic job shop. Dynamic 

job shop scheduling problems have usually been studied by 

means of computer simulations (Kiran and Smith, 1984a) . 

Kiran and Smith (1984a) presented the review of basic 

factors of a simulation model for a dynamic job shop, 

such as job arrivals, processing and setup times, number 

of machines, job routings, machine and shop utilization, 

due dates, priority rules, and criteria. 

2.1. Shop Configuration 

One of the factors for dynamic job shop scheduling 

problems is job arrival. Most of the researchers have 

used the approach in which jobs arrive at a shop randomly 

and have used the arrival pattern of the Poisson process, 

which makes job interarrival times exponentially 

distributed. The arrival distribution is not an important 

factor because it does not seem to affect the ranking of 

priority rule effectiveness (Kiran and Smith, 1984a) . 

In most studies, the number of machines in a 

hypothetical shop ranges from 4 to 15 . Kiran and Smith 

(1984a) pointed out that the shop configuration does not 

affect the effectiveness of priority rules significantly. 
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A job routing is the sequence of operations of jobs among 

machines . Because the configuration of a shop does not 

affect relative performance of scheduling rules, a pure 

job shop model is the most conunon type in simulation 

studies . 

The machine and shop utilization are determined by 

job arrival distributions, job routings, and job 

processing times. Machine utilization affects queue 

lengths . On the one hand, if machine utilization is too 

small, which means that machines are in idle status most 

of the time, it is then not critical how job scheduling 

is accomplished because machines are available for jobs 

most of the time. Therefore, scheduling rules may not 

function well to make job dispatching decisions. On the 

other hand, if machine utilization is so high as to be 

close to 1.0 in a computer simulation, which means that 

there are many jobs waiting for processing in front of 

machines, it may cause computer memory overflow by 

accumulating very large queues . Excessive CPU time might 

also be required to let the system obtain a steady state . 

Normally, the range from 0.85 to 0.95 is selected for 

machine utilization in simulation studies of job shop 

problems (Kiran and Smith, 1984a) . 
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2 . 2. Processing Time 

Processing times of jobs are another factor for a 

simulation model of a dynamic job shop. In most 

simulation studies, the methods of generating processing 

times are either generating actual processing times from 

a specified distribution or generating estimated 

processing times first and then multiplying estimated 

processing times by a work rate factor to get actual 

processing times (Kiran and Smith, 1984a) . 

This thesis study is to investigate the 

effectiveness and robustness of dispatching rules under 

various levels of the inaccuracy of job processing time 

estimation . However, research relative to the 

effectiveness of scheduling rules when true production 

times vary from their estimates is scarce . Research on 

scheduling problems is mainly based on the assumption of 

fixed processing times (Smith, Panwalkar, and Dudek, 

1973) . For a stochastic scheduling problem, people 

normally draw processing times from a specifi ed 

distribution. Some variances of processing times are 

assumed in a stochastic scheduling problem. However, 

these variances are caused by drawing the processing 

times from a distribution. Numerous investigations of the 

effects of processing time variances were found in the 

literature . 
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Pinedo (1982) studied the optimization problem of 

minimizing the completion time while taking into account 

job processing time variances from different machines in 

stochastic flow shops. He concluded that to minimize the 

expected makespan, jobs with smaller expected processing 

times and larger processing time variances should be 

scheduled either at the beginning or at the end of the 

schedule. Suresh, Foley, and Dickey (1985) proved 

Pinedo's conclusion . Pinedo and Weiss (1987) further 

developed the "Largest Variance First" (LVF) policy for 

minimizing both expected flowtime and expected makespan 

for stochastic scheduling problems. They studied 

scheduling rules based on the variance of processing 

times for different operations of a job . They concluded 

that to minimize both expected flowtime and expected 

make span, the LVF heuristic is attractive because LVF 

performs well for the objectives of both minimizing 

expected flowtime and minimizing expected makespan . In 

minimizing expected flowtime, LVF selects earlier jobs 

first so that the first job can be completed as early as 

possible to prevent delay to later jobs. In minimizing 

expected makespan, long jobs are selected by LVF to avoid 

having some large jobs left at the end of the process. 

They theoretically proved that LVF is good for the 

minimization of expected flowtime and the minimization of 

expected makespan with some selected distributions of 
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processing times. Frostig (1988) extended the study and 

generalized the result of Pinedo and Weiss (1987) . 

Smith, Panwalkar, and Dudek (1973) investigated the 

effects of the uncertainty of processing time estimates 

on scheduling rule performance by using the shortest 

processing time priority rule and the makespan 

criterion. They concluded that the uncertainty of 

processing time estimates affects the performance of the 

SPT rule in minimizing makespan. The objective of the 

proposed research is to further investigate the 

effectiveness and the robustness of scheduling rules 

under the condition of inaccuracy of processing time 

estimation with wide comparisons . The approach used in 

this study is to develop a dynamic job shop simulation 

model. 

2 . 3 . Due Date 

Due dates are one of basic factors in simulation 

models of dynamic job shops. Many investigators have 

studied the influence of due date assignment methods and 

due date tightness on system performance and relative 

effectiveness of dispatching rules . A job allowance is 

the time between its release date and its due date. The 

remaining allowance of a job is its due date minus 

present time. A job slack time is its remaining allowance 

adjusted by remaining work, that is, the job allowance 
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minus total remaining processing times of the job. There 

are several due date assignment methods (Smith and 

Seidrnann, 1983; Kiran and Smith, 1984a; Cheng and Gupta, 

1989; Conway, 1965). Due dates can be assigned according 

to total work of a job in a shop, that is, the allowable 

flowtime (the time duration between a job's arriving at 

the shop, finishing its operations and leaving the shop) 

is made proportional to the sum of processing times of 

all operations of a job (TWK due dates) . Due dates can 

also be assigned according to total number of operations 

of a job, that is, the allowable flowtime is made 

proportional to the number of operations of a job (NOP 

due dates) . Some other due date assignment methods are 

described as assigning job due dates according to total 

processing times raised by a constant power to emphasize 

the influence of the total processing times (VTWK due 

dates), and assigning job due dates so that job slack 

times are the same for all jobs initially (SLK due 

dates) . In the situation where due dates are required by 

company salesmen to be the same for different jobs, the 

due dates are assigned to be the same, that is, the 

allowable flowtime is a constant and is independent of 

any characteristic (CON due dates) . In the situation 

where due dates are chosen by customers and accepted by 

company salesmen, the due dates then may be random 
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numbers, that is to say, the allowance flowtimes are 

assigned randomly (RND due dates) . 

Some methods of assigning job due dates can be 

summarized as follows (Kiran and Smith, 1984a) : 

1. TWK: due date = arrival date + (constant * 

total processing time), 

2. NOP: due date = arrival date + (constant * 

total number of operations for 

a job) , 

3. VTWK : due date = arrival date + (constant * 

([total processing time] ** 

constant)), 

4 . SLK: due date = arrival date + total processing 

time + constant, 

5. CON : due date = arrival date + constant, 

6 . RND: due date = arrival date + random number. 

Smith and Seidrnann (1983) classified the due date 

assignment procedures as direct procedures, heuristic 

procedures, and analytic procedures. Direct procedures 

include simple assignment procedures such as CON and RND, 

job dependent assignment procedures such as NOP, TWK, and 

VTWK, state dependent assignment procedures, and 

combination assignment procedures. The state dependent 

assignment procedures consider the current state of a 

shop such as the total number of jobs in the shop and the 

current shop utilization. Examples of state dependent 
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assignment procedures are: the method of current number 

of jobs, in which allowable flowtime is proportional to 

the current number of jobs in a shop and to the total 

processing time (CNU due dates), and the method of 

current shop utilization, in which the allowable flowtime 

is proportional to the current shop utilization level and 

to the total processing times (CSU due dates) . The 

combination assignment procedures combine the ideas of 

simple, job dependent, and state dependent procedures to 

overcome some of their deficiencies. An example of 

combination assignment procedures is SLK due dates. 

Heuristic procedures include simulation based assignment 

procedures and materials requirement planning related 

assignment procedures . Analytic procedures include 

deterministic shop assignment procedures and stochastic 

shop assignment procedures. Seidmann and Smith (1981) 

studied CON due date assignment method by analytic 

procedures. They formed the aggregate cost function 

regarding due date cost, tardiness cost, and earliness 

cost. The due date cost is generated if the lead time 

for a job due date is larger than the "lead time" which 

customers think reasonable. They considered different 

cases and formed the linear cost model in order to find 

the optimal lead time, so as to minimize the aggregate 

cost. 
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The due date tightness affects the absolute 

performance in meeting due dates. For example, the 

tighter the due dates are, the larger the values of mean 

tardiness are if other conditions do not change. There is 

also some evidence that due date tightness affects the 

relative performance of priority rules, such as mean 

tardiness (MT) and proportion of tardy jobs (PT) (Baker, 

1984) . Due dates assigned by different methods also 

affect the measures of performance such as mean 

tardiness, proportion of jobs tardy, and conditional mean 

tardiness (CMT) under different scheduling rules such as 

first come first serve (FCFS), earliest due dates (EDD), 

earliest operation due dates (ODD), shortest processing 

time (SPT), largest processing time (LPT), minimum slack 

time (MST), smallest critical ratio (SCR), remaining 

allowance per operation (A/ OPN), and slack per operation 

(S/OPN) (Smith and Seidrnann, 1983; Baker, 1984; Conway, 

1965) . 

Conway (1965) tested CON, NOP and TWK due date 

assignment methods with a few priority rules such as 

FCFS, ODD, SPT, and S/OPN. He found that NOP is the most 

effective method for assigning due dates when considering 

to meet due dates at high shop utilization levels. Baker 

(1984) pointed out that there exists strong evidence that 

while assigning due dates, the total work for a job 

should be considered . That is to say, TWK is typically 
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the best method for assigning job due dates. He also 

cited some evidence indicating that the due dates 

assigned by the NOP method could be good enough to avoid 

tardiness completely . Cheng and Gupta (1989) stated that 

NOP is the most effective method of due date assignment 

if the criterion is to meet due dates at a high level of 

shop utilization. They also noted that Kanet and Hayya 

(1982) compared some due date assignment methods such as 

NOP and TWK, and found that TWK is superior in minimizing 

mean tardiness. Smith and Seidmann (1983) stated that 

Ulgen's study of five different due date assignment 

methods such as TWK, CSU, and CNU by a simulation 

approach showed that the CNU due date assignment method 

is significantly better than the other methods in 

minimizing the average lateness under FCFS, SPT, and EDD 

priority rules . 

Kanet and Hayya (1982) tested several dispatching 

rules in a job shop model and found that operation due 

dates affect system performance . The measures of system 

performance they used were MT, PT, CMT, MFT (mean 

flowtime), and MAXT (maximum job tardiness) . The priority 

rules they examined were EDD versus ODD, MST versus OST 

(least operation slack time remaining), SCR (smallest 

critical ratio) versus OCR (operation critical ratio) . 

Their results showed that operation based rules (ODD, 

OST, and OCR) have better performance in reducing mean 
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tardiness than job based versions (EDD, MST, and SCR) . 

However, their results conflicted with Conway's results . 

Researchers using different due date assignment 

methods found that the methods favor priority rules 

differently. Some of the results were conflicting. There 

may exist at least one due date assignment method which 

is completely unbiased and will not favor any scheduling 

rules . The RND due date assignment method seems to have 

this characteristic. However, this method will create 

another bias in the environment of applications because 

due dates of jobs are not actually assigned randomly. It 

seems that the only way to obtain some measure of 

generality is to run simulation models with different due 

date assignment methods (Smith and Seidmann, 1983) . 

2 . 4. Priority Rule 

Priority rules are also one of the basic factors in 

simulation models of dynamic shops . In the sequencing and 

scheduling literature, scheduling rule, dispatching rule, 

and priority rule are often used synonymously to refer to 

the rule which selects a job among waiting jobs . 

Panwalkar and Iskander (1977) reviewed 113 priority rules 

used in 36 studies and categorized them as: simple 

priority rules, combinations of simple priority rules, 

weighted priority rules, heuristic rules and other rules. 

Some investigators classified priority rules as allowance 
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based priorities, slack based priorities and ratio based 

priorities (Baker, 1984). Under allowance based priority 

rules, the job with the smallest allowance is selected 

first according to the idea that the job with the 

smallest allowance will also have the smallest due date . 

The simplest allowance based rule is EDD. The simplest 

slack based priority rule is MST, which gives priority to 

the job with the smallest slack time. Slack based rules 

have consideration for allowance. When jobs have the same 

allowance, then the total processing times of jobs will 

also be considered by the use of slack based rules, that 

is, larger jobs are considered more urgent because the 

larger the job, the less the slack time with the same 

allowance . SPT has better performance for meeting due 

dates even though it does not explicitly use due date 

information. MST performs differently from SPT and its 

performance is closer to EDD, at least when jobs have 

similar due dates (Baker, 1984). Ratio based rules are 

similar to slack based rules but use rat io computation 

for implementation. In this way, not only the slack (the 

remaining allowance) but also the remaining work is 

considered. The simplest ratio based priority rule is 

SCR, that is, the value of the remaining allowance 

divided by the remaining work. Therefore, when two jobs 

have the same remaining allowance, the job with more 

remaining work will be selected first. Another ratio 
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based rule is S/OPN, in which the remaining allowance is 

adjusted by the number of operations. The larger the 

number of operations, the more urgent the job. 

Green and Appel (1981) conducted some empirical 

analyses of job shop scheduling rule selection by 

experienced schedulers like industrial engineers, shop 

foremen and production control supervisors. They also 

analyzed the effects of schedule conditions and other 

factors on the selection. Their results showed that 

traditional dispatching rules are not strongly considered 

by shop foremen and industrial engineers while other 

influence rules, like "A Friend Needs a Favor," which are 

rejected as dispatching rules, are sometimes preferred by 

experienced schedulers in real situations. Their results 

also showed that different schedule conditions such as on 

schedule or behind schedule also affect these schedulers 

in selecting priority rules . The suggestion of their 

study was that a coalition rule should be given more 

serious attention. 

2 . 5. Criterion 

Criteria or performance measures are used to measure 

the effectiveness of priority rules . Criteria can be 

classified as criteria based on job completion times, in

process inventory, and utilization; also, criteria based 

on job due dates or on costs. Most companies heavily 
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stress due date criteria (Panwalkar, Dudek, and Smith, 

1973) . Therefore, the most frequently used criteria in 

simulation studies of stochastic dynamic shops are the 

criteria based on job due dates, such as mean tardiness, 

maximum tardiness, and number of tardy jobs. Due date 

selection rules and criteria are strongly interrelated 

(Kiran and Smith, 1984b) . 

Priority rules perform differently under different 

criteria . The SPT rule is superior to other simple 

priority rules according to criteria based on job 

completion times (Kiran and Smith, 1984b) . The criteria 

based on due dates show that SPT, MST, S/OPN, and S/PRT 

(slack per remaining processing time) are dominant simple 

rules . According to criteria based on costs: SPT and JV 

(job value) reduce in-process inventory cost; S/OPN 

reduces earliness and tardiness costs; and SST (shortest 

setup time) reduces setup cost among simple priority 

rules . The weighted rules are the best for total in

process inventory, utilization, lateness, and setup costs 

compared with simple priority rules (Kiran and Smith, 

1984b) . 
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CHAPTER 3 

INVESTIGATIVE PROCEDURE 

3 . 1. Experimental Design 

Because the configuration of a shop does not affect 

the effectiveness of priority rule performance 

significantly (Kiran and Smith, 1984a), ten machines are 

selected in the stochastic dynamic job shop for this 

study. 

Several rules are selected to investigate whether or 

not scheduling decisions made by these rules will be 

affected by the inaccuracy of processing time estimation 

based on the comparison of three specified performance 

measures. 

The scheduling rules considered here are: 

1. SPT--shortest processing time, 

2. EDD--earliest due date, 

3. MST--minimum slack time, 

4. FOPNR--fewest operations remaining, 

5. MOPNR--most operations remaining. 

The primary consideration is that some priority 

rules are due date related and others are not. There may 

exist more randomness in the due date related rules 

because the due date assigned to a job may itself induce 

some randomness. It may be more difficult to detect the 

effects of inaccuracy of processing time estimation on 
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the performance of due date related rules with compared 

to non-due date related rules. 

Two kinds of priority rules are selected with one 

set being due date related and another set being non-due 

date related. The first set includes earliest due date 

(EDD) and minimal slack time (MST) . The second set 

contains shortest processing time (SPT), fewest 

operations remaining 

remaining (MOPNR) . 

(FOPNR), and most operations 

SPT is selected to continue the previous work 

reported by Smith, Dudek, and Panwalkar (1973) . The SPT 

priority rule is non-due date related and functions by 

choosing a job with the shortest processing time among 

jobs to be processed . 

The consideration of selecting EDD is that EDD is a 

due date based rule. Since RND due date assignment method 

is used for the study, the randomness of EDD is from both 

the due date assignment and the processing time 

estimation. Another consideration for selecting EDD is 

the great importance of meeting due dates in industrial 

scheduling (Panwalkar, Dudek, and Smith, 1973). 

The third rule, MST, is selected here to make some 

comparison with SPT because MST has been found to exhibit 

some opposite performance compared to SPT (Baker, 1984). 

FOPNR and MOPNR rules are number of operations based 

rules. They are chosen here to make wider comparisons 
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because they are not directly related to due date 

assignment. Thus, the comparison of two types of 

scheduling rules can be made, with one type due date 

related and the other type non-due date related . 

In order to compare different dispatching rules more 

efficiently, the common random numbers (CRN) technique as 

a variance reduction technique is used in the study. 

Because interarrival times are the most dominating 

factors in variance reduction by CRN in job shop models 

(Shue, 1986), the interarrival times of jobs for 

different runs remain the same. Other random numbers, 

such as random numbers to be used to generate due dates 

and to generate anticipated processing times, also remain 

the same for each run. 

The number of operations for each job is selected 

from the uniform distribution with the range from 6 to 

10. Thus, the mean number of operations is 8. A random 

routing is selected, as in a pure job shop, which means 

that a job has an equal probability of going to any one 

of the machines for a subsequent operation. Thus, we 

select a subsequent operation for a job from the uniform 

distribution with the range from 1 to 10. 

The job arrival pattern in this study is selected to 

be the Poisson process, which is commonly used in dynamic 

job shop studies (Kiran and Smith, 1984a) . The machine 

utilization level selected is 90%. 
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Since the primary consideration is the effects of 

inaccuracy of processing time estimation on the 

performance of the scheduling rules, job processing times 

for the study are generated by the method mentioned by 

Kiran and Smith (1984a) . That is, the anticipated 

processing times are generated first . The true processing 

times are generated by the Erlang random variate 

generator with the anticipated processing times as means. 

The anticipated processing time of an operation for 

each job is generated by a U(20,100) random number 

generator . The mean of the anticipated processing times 

for a job is then 60. The time unit will remain the same 

in this thesis. 

For the true processing times, the Erlang 

distribution is selected. The Erlang distribution is a 

special case of the gamma distribution, with a positive 

integer m called the shape parameter (Law and Kelton, 

1991) . As m decreases, the variance of a m-Erlang curve 

increases . The m-Erlang distribution has properties 

similar to the normal distribution and has long right 

tails. Therefore, the m-Erlang distribution is a good 

selection because the generated true processing times 

supposedly are more representative of a real situation. 

In practice, processing times are more frequently 

underestimated than overestimated, i . e . , a job has a 

greater chance of taking a longer rather than a shorter 

21 



processing time . This is due to such factors as tool 

change, machine breakdown, material variance, etc. 

Another important property of the Erlang distribution is 

that the means of Erlang curves at different levels of 

variance are equal. 

In order to consider the effects of the inaccuracy 

of processing time estimation on the scheduling rules, 

three levels of inaccuracy are selected from the Erlang 

distribution in addition to the standard level (no error 

in a processing time estimate) . 

Level 1 is selected to represent the case of perfect 

estimation of processing times, in which the true 

processing times are equal to the anticipated processing 

times . Level 1 is considered here as the standard level 

so that a basis for comparison can be formed. At levels 

2, 3 and 4 of inaccuracy, the true processing times are 

generated by multiplying the Erlang distribution, as a 

random variate, to the anticipated processing times. 

Level 2 is selected to represent a small inaccuracy of 

processing time estimation while level 4 is selected to 

represent a large inaccuracy of processing time 

estimation. 

Pilot runs have been made in order to decide the 

amount of deviation to be utilized at each level. The 

results of the pilot runs indicate that when m is 25, the 

sample standard deviation between true and anticipated 
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processing times ~s approximately 10 . Thus, the level 2 

condition is set by letting m equal 25. Similarly, for 

level 3 and level 4, m is 7 and 3, respectively. The 

corresponding sample standard deviations are 

approximately 20 and 30, respectively . Table 3 . 1 

summarizes the shape parameter of the Erlang distribution 

and the sample standard deviation between true and 

anticipated processing times at different inaccuracy 

levels . 

Table 3.1. Parameter and Sample Standard Deviation 
at Different Inaccuracy Levels 

Inaccuracy 
Level 

1 

2 

3 

4 

of Processing Time Estimation 

Shape 
Parameter 

m=25 

m=7 

m=3 

Sample 
Standard 
Deviation 

0 

10 

20 

30 

The interarrival times of jobs are generated by an 

exponentially distributed random variate generator. By 

using the method mentioned by Shue (1986), the mean of 

interarrival times is equal to total hours in a week 

divided by the number of jobs which can arrive at the 

shop so that the machine utilization level remains at 
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90% . The number of jobs equals the total machine hours 

available ~n a week divided by the expected time of 

finishing a job, which is equal to the expected number of 

operations for a job multiplied by mean processing time 

of a job. The total hours in a week are assumed to be 

24*7 = 168 . Total machine hours available in a week at 

the machine utilization level 90% are 10*24*7*0 . 9 = 1512. 

The expected time to finish a job is 8*60 = 480. Thus, 

the number of jobs which can come to the shop with 90 % 

machine utilization in the shop is 1512/480. Therefore, 

the mean of interarrival time is 168/(1512/480) =53. In 

the developed job shop model, 50 is selected as the mean 

interarrival time. 

Different due date assignment procedures favor 

different priority rules. In order to consider the 

effects of due date assignment, RND (random due date) and 

RSLK (revised slack due date) assignment methods are 

selected for further investigation . An allowable flowtime 

for a job is a random number in the RND due date method. 

RND generally does not generate any bias by favoring some 

priority rules (Smith and Seidmann, 1983) . The RND due 

date assignment method is good for this study because we 

mainly concentrate on the effect of inaccuracy of 

processing time estimation on priority rules. Therefore, 

we hope that due dates assigned will not affect the 

effectiveness of priority rules . RSLK is considered 
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because in many cases, due dates are assigned according 

to the sum of total processing times. RSLK is based on 

SLK (slack due date), by which job slack times are 

identical for all jobs, initially. 

RND due date = arrival time + random number + 

constant, 

RSLK due date = arrival time + total processing time 

+ random number + constant. 

Different dispatching rules favor different 

performance criteria. For example, SPT tends to improve 

mean flowtime and EDD tends to minimize mean tardiness. 

Several criteria are used as performance measures to 

minimize bias. Since most commonly used criteria in 

simulation studies of dynamic shops are due date based 

(Kiran and Smith, 1984b), to seek generality, some due 

date based criteria are considered in this investigation. 

They are mean tardiness (MT) and proportion of tardy jobs 

(PT) . In addition to due date based criteria, one 

completion time based criterion, mean flowtime (MFT), is 

also applied: 

1. Mean Flowtime, 

2. Mean Tardiness, 

3. Proportion of tardy jobs. 

In this study, we need to compare the effectiveness 

of the rules under different criteria. The main purpose 

of the study is to investigate the effectiveness and the 

25 



robustness of dispatching rules under different levels of 

inaccuracy of processing time estimation. Therefore, 

instead of doing steady state analysis, terminating 

simulations are used even though the shop model is a 

dynamic simulation model, because we do not investigate 

the state of simulation outputs. We compare the 

simulation outputs obtained by different scheduling 

rules . We also compare the simulation outputs obtained at 

different levels of inaccuracy of processing time 

estimation. 

3.2. Analytical Procedure 

GPSS/H language is used to code this model. U(O,l) 

random number generator in GPSS/H on a PC is used as the 

basic random number generator. The following statistical 

tests are used to test this U(O,l) random number 

generator: 

1. Chi-square goodness-of-fit test, 

2. Autocorrelation test (with lag 1). 

For each level of inaccuracy of processing time 

estimation, true processing times are generated by 

replication methods to collect data for terminating 

simulation runs. Ten replications are made for analysis 

purposes with 1000 observations in each replication for 

each dispatching rule and for each performance measure at 

each level of inaccuracy. Lilliefors normality test 
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(Conover, 1980) is used to verify if the output data from 

the 10 replications at different inaccuracy levels are 

truly normally distributed, because the t-statistic for 

hypothesis tests and confidence intervals cannot be used 

unless the data are normally distributed. 

If the data are not normally distributed, a 

nonparametric test statistic needs to be applied to test 

the significant difference of the mean for different 

performance measures. Here we consider the Mann-Whitney 

nonparametric test for the mean (Conover, 1980) . 

The hypotheses can be stated below for two-tailed 

tests: 

HO: E (X) = E (Y) , 

H1: E (X) .... = E (Y) . 

where, E(X) and E(Y) are expected values of 

specified performance measures. 

The hypothesis tests are used to test for 

significant differences of the means of the performance 

measures. The comparisons are made among different rules 

so that we can find the best rule tested under each level 

of inaccuracy. The analysis of the performance measures 

among levels of inaccuracy is used to study the allowable 

range of inaccuracy of processing time estimation and the 

robustness of scheduling rules. 
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CHAPTER 4 

PRELIMINARY STUDY 

4.1. Statistical Tests for Random Number 
Generator 

As stated in Chapter 3, the GPSS/H language is used 

to code the dynamic job shop model. The standard U(0,1) 

random number generator in GPSS/H on a PC is used as the 

random number generator for the study. Two statistical 

tests are used to test the randomness of the U ( 0, 1) 

random number generator : 

1. Chi-square goodness-of-fit test, 

2 . Autocorrelation test (with lag 1). 

4.1.1 . Chi-Square Goodness-of-Fit Test 

For the chi-square goodness-of-fit test, the total 

number of tests is 10. The number of observations per 

test is 1000. The significance level selected is 0 . 05; 

thus the chi-square critical value is 18 . 306 . The test 

results are listed in Table 4.1 . 

The random numbers have passed all ten tests. The 

test results do not detect any nonrandomness in 

frequency. 
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Table 4 . 1. Results of Chi-Square 
Goodness-of-Fit Test 

Test Number Test Statistic Decision 

1 10.62 not rejected 

2 8 . 82 not rejected 

3 5.74 not rejected 

4 6.08 not rejected 

5 8 . 84 not rejected 

6 6.18 not rejected 

7 2.34 not rejected 

8 8 . 00 not rejected 

9 8.82 not rejected 

10 11 . 64 not rejected 

4.1.2. Autocorrelation Test 

For the autocorrelation test, the total number of 

tests is 10 . The number of observations per test is 1000 . 

The significance level selected is 0.05; thus the 

critical value from the normal distribution is 1 . 96 . Here 

we only consider the test with lag 1, because the most 

important autocorrelation we want to detect is the 

autocorrelation between two continuous numbers. Thus, 

large lag tests are not necessary. The test results are 

listed in Table 4 . 2 . 
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Table 4.2. Results of Autocorrelation Test 

Test Number Test Statistic Decision 

1 -0.188 not rejected 

2 1.382 not rejected 

3 -0 . 529 not rejected 

4 0 . 055 not rejected 

5 -0 . 638 not rejected 

6 -0.652 not rejected 

7 -1.524 not rejected 

8 -0.655 not rejected 

9 2.09 rejected 

10 -0 . 713 not rejected 

For all the tests, only one hypothesis is rejected. 

Since the probability of rejection is 0 . 05 even when 

numbers are random, we cannot say that there exists 

sequencing nonrandomness from the resul ts of this 

autocorrelation test. 

Results of both the chi-square goodness-of-fit test 

and the autocorrelation test indicate that the U ( 0, 1) 

random number generator in GPSS/H on a PC is good for the 

study in terms of uniformity and independence. 
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4.2. Due Date Study 

A preliminary study has been done for choosing one 

of the due date assignment methods . As stated in Chapter 

3, two due date assignment methods are considered: 

RND due date = arrival time + constant + random 

number, 

RSLK due date = arrival time + total processing time 

+ constant + random number. 

In this dynamic job shop model, the number of 

operations is assumed to be uniformly distributed with 

the range from 6 to 10, that is, U(6,10) . The mean of the 

number of operations for each job is 8. The anticipated 

processing time for each operation in the study is 

uniformly distributed with the range from 20 to 100, that 

is, 0(20,100). The mean of the estimated processing times 

is 60. The mean of total processing times is 8*60=480. 

Therefore, the mean due date of a job should be at least 

500 for a job to have a chance not to be tardy. However, 

tardiness usually exists. The flowtime of a job is 

generally larger than the total processing time of the 

job because of the job waiting time between operations. 

Experiments have been done in order to consider a 

proper constant as well as a random number in the due 

date assignment methods . In addition to choosing one of 

the due date assignment methods, another objective of the 

pilot runs is to find proper constant part and random 
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number part of the due date assignment methods so that 

proportion of tardy jobs in the shop is about 30 percent 

of total jobs . The 30% proportion of tardy jobs means 

that for a good scheduling rule at perfect processing 

time estimation cases, the tardy jobs are 30 percent of 

total jobs in the shop. Here, the scheduling rule used 

for the pilot run is SPT because it is good for reducing 

tardy jobs. 

4 . 2 . 1. Results of RND Due Date 

Table 4.3 lists the results. All of the mean due 

dates are adjusted to equal 1105. The results show that 

as long as the mean of due dates reaches 1100 under SPT, 

the proportion of tardiness is about 30 %, no matter what 

amount are in the constant part and in the random part. 

Table 4.3. PT by RND Due Date 

Way Constant Random Tardiness (%) 
Part Part (5 replications) 

1 1100 U(l,10) 2 9 . 6' 27.4, 34.1, 28 . 3, 24.6 

2 1090 U(1,30) 2 9 • 81 27.4, 34.2, 28 . 1, 24 . 5 

3 1080 U(1,50) 2 9 . 9' 27 . 4, 34.2, 28.2, 24.7 

4 855 u (1, 500) 30 . 8, 27. 6, 35.3, 29 . 1, 26.2 
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Therefore, U (1, 500) is selected as the random number 

of the RND due date assignment method. This makes the 

mean due date 1105. 

4 . 2 . 2. Results of RSLK Due Date 

The mean of total processing times of jobs ~s U(6, 

10)*U(20,100) which is equal to 480 . In order to compare 

these two different due date assignment methods, we let 

the mean due date remain the same for these two different 

due date assignment methods. If we want to use the same 

U(1,500) as the random number for RSLK due date 

assignment method, which gives the mean of 250, the 

constant needed for adjusting the RSLK due date 

assignment method is 1105-480-250=375. The estimated 

value for the other part which consists of the mean of 

total processing times and the random number is 

480+250=730. The mean of the random part is 730 for all 

the methods. 

Table 4. 4 lists the results by the RSLK due date 

assignment method . 
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Table 4.4. PT by RSLK Due Date 

Way Constant Mean Tardiness (%) 
Part Due Date (5 replications) 

1 375 1105 39.7, 39 . 1, 33.9, 32 . 4, 27.6 

2 400 1130 38.0, 37. 6, 31 . 9, 29 . 9' 26 . 2 

3 450 1180 34.1, 34. 6' 28 . 4, 26 . 7, 22 . 3 

4 . 2.3. Comparison of RND and RSLK Due Dates 

Tables 4.5 and 4.6 list the results of the 

comparison of RND and RSLK . Table 4.5 shows the results 

of proportion of tardy jobs yielded by RND and RSLK due 

dates after the mean due dates are adjusted to give a 

probability of 0 . 3 for a job being tardy . 

Table 4 . 5 . Comparison of RND and RSLK Due Dates 
with Same Proportion of Tardy Jobs 

Method Constant Mean Tardiness (%) 
Part Due Date (5 replications) 

RND 855 1105 29.8 

RSLK 450 1180 29 . 2 

Table 4 . 6 shows the results of proportion of tardy 

jobs yielded by RND and RSLK due dates when the mean due 

dates are adjusted to be the same for both due date 

assignment methods . 
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Table 4.6 shows that if we keep the mean due dates 

the same for these two due date assignment methods, the 

proportion of tardy jobs by RND due dates is 29.8% and 

the proportion of tardy jobs by RSLK due dates is 34.5%. 

Table 4.6. Comparison of RND and RSLK Due Dates 
with Same Mean Due Date 

Method Constant 
Part 

RND 855 

RSLK 375 

Mean 
Due Date 

1105 

1105 

Tardiness (%) 
(5 replications) 

29.8 

34.5 

The nonparametric Mann-Whitney test has been applied 

to the data in Table 4 . 6. The significance level is 

chosen as 0 . 05. A sample size of 5 is selected. Thus, the 

acceptance range of the Mann-Whitney test statistic, with 

a two-tailed test, is from 18 to 32. The Mann-Whitney 

test results indicate that there is no significant 

difference between the mean of proportion of tardy jobs 

observed under RND due date assignment method and that 

observed under RSLK due date assignment method. 

Therefore, we decide to use the RND due date in building 

the final job shop model. 
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CHAPTER 5 

RESULTS AND ANALYSES 

The simulation model has been built for the dynamic 

job shop. There are ten machines in the shop . Jobs are 

generated dynamically and go through the shop with the 

number of operations uniformly distributed within the 

range from 6 to 10. Jobs can be processed in any one of 

the ten machines, and the routing from one machine to 

another is randomly selected. Jobs arrive in the shop 

randomly with the mean of interarrival times being SO. 

Each simulation run is conducted for 1000 completed jobs. 

The due dates for jobs are RND due dates with constant 

part 855 and random part SOO*U(O,l). 

Five scheduling rules are used to dispatch jobs in 

the shop. They are SPT, MST, EDD, FOPNR, and MOPNR . Three 

performance measures of job completion are collected. 

They are MFT, MT, and PT. The results of performance 

measures from ten different runs under all of the 

selected rules at all selected levels of inaccuracy of 

processing time estimation are collected . 

Several statistical analyses are applied regarding 

the simulation results. First, the test of normality is 

applied to determine whether or not the data are truly 

normally distributed. The Lilliefors normality tests are 

performed for these data due to the unknown nature of the 
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data. The results of the Lilliefors tests indicate that 

the output data are not normally distributed . Therefore, 

the traditional t-statistic cannot be used for hypothesis 

tests to determine whether there exists a significant 

difference of the means of the performance measures from 

level to level and from rule to rule. The nonparametric 

Mann-Whitney test statistic ~s therefore used. The 

significance level is chosen as 0.05. A sample size of 10 

is selected. Thus, the acceptance range of the Mann

Whitney test statistic, with a two-tailed test, is from 

79 to 131. The comparisons are made among the dispatching 

rules and among the levels of inaccuracy. 

The following analyses are conducted by the analysis 

of the effectiveness of scheduling rules by mean 

flowtime, the analysis of the effectiveness of scheduling 

rules by mean tardiness, the analysis of the 

effectiveness of scheduling rules by proportion of tardy 

jobs, the analysis of the allowable range of inaccuracy 

and the analysis of the robustness of rules. 
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5 . 1. Analysis of Effectiveness of 
Scheduling Rules to Minimize 
Mean Flowtime 

The mean flowtimes are listed in Table 5 . 1 . The 

graph is shown in Figure 5.1 . 

Table 5.1. Mean Flowtime at Different Levels 
by Different Rules 

Level SPT MST EDD FOPNR MOPNR 

1 1094.85 1171 . 39 1255 . 22 1 194.31 1464.09 

2 1111.46 1226 . 83 1214 . 25 1223.83 149EL29 

3 1196.25 1240.25 1315 . 88 1322.72 16ll.26 

4 1282.61 1410 . 56 1359. 7 9 1416 . 44 1714.78 

The Mann-Whitney tests are conducted to test if 

there exists significant difference between the expected 

value of mean flowtime from level to level and from rule 

to rule . The Mann-Whitney test statistics for mean 

flowtime among rules are listed in Table 5.2 . 

38 



18
00

 

16
00

 
I ·
-
-
-
-
-
-
-
.
 

14
00

 

12
00

 
I 

CD
 E
 =
 llCX

XJ
 

~
 

w
~
 

\0
6

18
00

 i 
: 

;;
;?

??
::

=
: 

I T
 

-
-

SP
T 

--
-o

--
M

ST
 

....
.__

_ 
ED

D
 

CD
 E
. 

~
 

FO
PN

R
 

60
0 

...
..-

---
M

O
P

N
R

 

40
0 

20
0 

I 

0 
I 

L
 

2 
3 

4 

le
ve

l 

F
ig

u
re

 
5

.1
 

M
ea

n 
F

lo
w

 T
im

e 
a
t 

D
if

fe
re

n
t 

L
e
v

e
ls

 
b

y
 
D

if
fe

re
n

t 
R

u
le

s 



Table 5.2. Mann-Whitney Test Statistics 
for MFT Among Rules 

Rules 

SPT vs. MST 

SPT vs. EDD 

SPT vs . FOPNR 

SPT vs . MOPNR 

MST vs. EDD 

MST vs. FOPNR 

MST vs. MOPNR 

EDD vs. FOPNR 

EDD vs . MOPNR 

FOPNR vs. MOPNR 

Level 1 
std=O 

85 

71 

71 

55 

94 

103 

62 

99 

69 

60 

Note: 1. Sample size 10, 

Level 2 
std=10 

126 

74 

68 

55 

108 

99 

66 

101 

61 

64 

2. Significance level 0 . 05, 

Level 3 
std=20 

110 

73 

70 

55 

80 

81 

61 

110 

61 

61 

Level 4 
std=30 

77 

120 

70 

56 

90 

107 

62 

96 

62 

62 

3. Critical range of Mann-Whitney test is from 79 
to 131. 

At level 1, which is the standard level with no 

error in processing time estimation, there are 

significant differences of the expected values of mean 

flowtime yielded by SPT against EDD, FOPNR, and MOPNR 

according to Table 5.2. SPT is better than EDD, FOPNR, 

and MOPNR according to Table 5.1, which is also clearly 

shown in Figure 5 .1. From Table 5. 2, we can see that 
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there are no significant 

values of mean flowtime 

differences of the e xpected 

among EDD, MST, and FOPNR. 

Therefore, we may say that the SPT dispatching rules can 

result in the smallest mean flowtime if true processing 

times are the same as anticipated processing times . 

At level 2, with standard deviation 10, SPT still 

performs significantly differently from EDD, FOPNR, and 

MOPNR according to the Mann-Whitney test statistics in 

Table 5 . 2. SPT is better than EDD, FOPNR, and MOPNR for 

mean flowtime displayed in Table 5 .1 and Figure 5 .1 . 

There are no significant differences between the expected 

values of mean flowtime observed under MST, EDD, and 

FOPNR according to Table 5.2. Thus, the conclusion at 

level 2 is still the same as that at level 1, that is, 

SPT gives the smallest mean flowtime . 

At level 3 of inaccuracy with standard deviation 20, 

similar conclusions can be reached, that is, there are 

significant differences between the expected value of 

mean flowtime observed under SPT and the e xpected value 

of mean flowtime observed under EDD, FOPNR, and MOPNR, as 

shown in Table 5.2. Figure 5.1 shows that SPT has the 

smallest mean flowtime among EDD, FOPNR, and MOPNR. There 

are no significant differences between EDD and FOPNR for 

the performance of mean flowtime. Therefore, we can say, 

when standard deviation between true and anticipated 
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processing times is 20, SPT still gives the best mean 

flowtime among the tested rules. 

At level 4, with a standard deviation of 30, the EDD 

rule performs somewhat differently from other rules in 

minimizing mean flowtime. When the inaccuracy increases 

to this level, mean flowtime yielded by other rules 

increases sharply while mean flowtime yielded by EDD does 

not increase as quickly as others, which is shown in 

Figure 5 .1. Consequently, the expected value of mean 

flowtime obtained by SPT shows no significant difference 

from the expected value of mean flowtime obtained by EDD 

at this level according to Table 5 . 2 . However, the 

expected value of mean flowtime obtained by SPT shows a 

significant difference from the expected value of mean 

flowtime obtained by other selected rules, as shown in 

Table 5. 2. There are no significant differences among 

MST, EDD, and FOPNR. Therefore, we may conclude that at 

level 4 of inaccuracy, SPT has less mean flowtime than 

MST, FOPNR, and MOPNR. We also may conclude that at this 

level, the EDD rule can also give good mean flowtime. 

Therefore, at a relatively high level of inaccuracy, both 

SPT and EDD can be recommended to minimize mean flowtime. 

To summarize the analysis of the effectiveness of 

scheduling rules according to the criterion of mean 

flowtime, we rank the rules in Table 5.3. 
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Table 5.3 . Rank of Rules by MFT 

Rank Inaccuracy Level 
1 2 3 4 

1 SPT SPT SPT SPT 
EDD 

2 MST MST MST MST 
EDD EDD EDD FOPNR 
FOPNR FOPNR FOPNR 

3 MOPNR MOPNR MOPNR MOPNR 

Table 5.3 shows that SPT is the best rule among all 

the rules tested under the criterion of mean flowtime at 

all levels of inaccuracy. 

5 . 2. Analysis of Effectiveness of 
Scheduling Rules to Minimize 
Mean Tardiness 

Mean tardiness is listed in Table 5 . 4. The 

corresponding figure is shown in Figure 5.2 . 

Table 5.4. Mean Tardiness at Different Levels 
by Different Rules 

Level SPT MST EDD FOPNR MOPNR 

1 258.83 233 . 85 272.12 335 . 58 552.08 

2 269.38 270.86 234.39 359 . 17 580.01 

3 334.91 281.16 307.84 439.89 678 .12 

4 395.41 407.17 355.78 511 . 21 761.14 
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The Mann-Whitney test statistics for mean tardiness 

among rules are listed in Table 5 . 5. 

Table 5 . 5. Mann-Whitney Test Statistics 
for MT Among Rules 

Rules 

SPT vs. 

SPT vs. 

SPT vs. 

SPT vs . 

MST vs. 

MST vs. 

MST vs. 

EDD vs . 

EDD vs. 

MST 

EDD 

FOPNR 

MOPNR 

EDD 

FOPNR 

MOPNR 

FOPNR 

MOPNR 

Level 1 
std=O 

96 

91 

71 

56 

105 

70 

55 

76 

65 

Level 2 
std=10 

98 

89 

70 

56 

113 

80 

59 

64 

56 

Level 3 
std=20 

85 

93 

72 

55 

86 

73 

57 

69 

56 

FOPNR vs. MOPNR 63 67 62 

Note: 1. Sample size 10, 

2. Significance level 0.05, 

3. Critical range of Mann-Whitney test 
to 131. 
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Level 4 
std=30 

109 

94 

71 

56 

89 

80 

56 

74 

57 

63 

is from 79 



For mean tardiness at level 1, SPT, MST, and EDD do 

not show significant differences from each other. 

However, there exist significant differences of the 

expected values of mean tardiness obtained by SPT, MST, 

and EDD against FOPNR and MOPNR according to Table 5.5 . 

SPT, MST and EDD have less mean tardiness than FOPNR and 

MOPNR according to Table 5.4. The expected value of mean 

tardiness obtained under FOPNR is significantly different 

from that obtained under MOPNR . Figure 5 . 2 shows that the 

former is better than the latter . We can say that when 

anticipated processing times are equal to true processing 

times, SPT, MST, and EDD give lower mean tardiness. 

According to the Mann-Whitney test statistics, 

illustrated in Table 5.5, there are no significant 

differences detected among SPT, MST, and EDD comparing 

the expected values of mean tardiness at level 2 . 

However, there are significant differences between the 

expected values of mean tardiness observed under SPT, 

MST, and EDD and that observed under FOPNR and MOPNR. The 

mean tardiness yielded by SPT, MST, and EDD is better 

than that yielded by FOPNR and MOPNR according to Figure 

5.2 . Therefore, we still can say when at level 2, SPT, 

MST, and EDD give lower mean tardiness . 

The same conclusion can be drawn for mean tardiness 

at level 3. SPT, MST, and EDD are not significantly 

different from each other. They are significantly 
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different from FOPNR and MOPNR. SPT, MST, and EDD give 

smaller mean tardiness than FOPNR and MOPNR according to 

Table 5 . 4 . For mean tardiness, FOPNR is significantly 

different from MOPNR from Table 5 . 5 and is better than 

MOPNR from Table 5. 4. Thus, the conclusion for mean 

tardiness at level 3 is the same as that at level 2 , that 

is to say, SPT, MST and EDD give better mean tardiness . 

For mean tardiness at level 4, the same conclusion 

can be drawn . That :ls, SPT, MST, and EDD are not 

significantly different from each other. They are 

significantly different from FOPNR and MOPNR according to 

Table 5 . 5. FOPNR is significantly different from MOPNR . 

From Table 5.4, SPT, MST, and EDD have less mean 

tardi ness than FOPNR and MOPNR . Thus, we can say that 

SPT, MST, and EDD give lower mean tardiness at level 4 . 

We rank the rules by their effectiveness of 

minimiz ing mean tardines s as i n Table 5.6. 

Table 5.6. Rank of Rules by MT 

Rank Inaccuracy Level 
1 2 3 4 

1 SPT SPT SPT SPT 
MST MST MST MST 
EDD EDD EDD EDD 

2 FOPNR FOPNR FOPNR FOPNR 

3 MOPNR MOPNR MOPNR MOPNR 
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From Table 5.6 we can clearly see that SPT, MST and 

EDD are very good for minimizing mean tardiness at all 

levels of inaccuracy with comparison of FOPNR and MOPNR . 

FOPNR is better than MOPNR in minimizing mean tardiness 

at all inaccuracy levels . 

5.3. Analysis of Effectiveness of 
Scheduling Rules to Minimize 
Proportion of Tardy Jobs 

Proportion of tardy jobs is listed in Table 5.7 . The 

corresponding figure is shown in Figure 5.3. 

Table 5 . 7. Proportion of Tardy Jobs at Different 
Levels by Different Rules (%) 

Level SPT MST EDD FOPNR MOPNR 

1 33.71 45 . 35 59.71 39.58 48 . 25 

2 34.81 49.71 57 . 14 41.24 49 . 91 

3 38 . 31 50.57 65 . 94 44.45 52.93 

4 44.03 63.48 66 . 15 49.11 57.99 
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The Mann-Whitney test statistics for proportion of 

tardy jobs among rules are listed in Table 5 . 8. 

Table 5.8. Mann-Whitney Test Statistics 
for PT Among Rules 

Rules 

SPT vs. MST 

SPT vs. EDD 

SPT vs. FOPNR 

SPT vs. MOPNR 

MST vs . EDD 

MST vs. FOPNR 

MST vs . MOPNR 

EDD vs. FOPNR 

EDD vs . MOPNR 

FOPNR vs . MOPNR 

Level 1 
std=O 

·55 

71 

59 

55 

70 

123 

101 

55 

71 

59 

Note : 1 . Sample size 10, 

Level 2 
std=10 

64 

55 

59 

55 

83 

131 

106 

55 

75 

61 

2. Significance level 0 . 05, 

Level 3 
std=20 

56 

55 

60 

55 

68 

88 

86 

55 

57 

61 

Level 4 
std=30 

56 

56 

67 

56 

115 

59 

85 

59 

126 

62 

3. Critical range of Mann-Whitney test is from 79 
to 131 . 

Table 5. 8 illustrates the Mann-Whitney test 

statistics while comparing the expected value of 

proportion of tardy jobs among the rules . For this 

performance measure, SPT is significantly different from 
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MST, EDD, FOPNR, and MOPNR at level 1 of inaccuracy 

according to Table 5. 8. SPT is better than MST, EDD, 

FOPNR, and MOPNR at level 1 according Table 5.7. From 

Table 5.8, EDD is significantly different from FOPNR and 

MOPNR. From Table 5.7, FOPNR and MOPNR are better than 

EDD. We also can see that MST is not significantly 

different from either FOPNR or MOPNR. FOPNR and MOPNR are 

significantly different from one another. The conclusion 

is that SPT gives the smallest proportion of tardy jobs 

among rules of MST, EDD, FOPNR, and MOPNR when there 

exists no deviation between true and anticipated 

processing times. 

SPT is still significantly different from MST, EDD, 

FOPNR, and MOPNR at level 2 for proportion of tardy jobs 

according to Table 5 . 8. At level 2, MST is not 

significantly different from EDD, FOPNR, and MOPNR. EDD 

is significantly different from FOPNR and MOPNR. FOPNR is 

significantly different from MOPNR . Therefore, the same 

conclusion can be drawn, that is, SPT gives the lowest 

proportion of tardy jobs among rules of MST, EDD, FOPNR, 

and MOPNR when the inaccuracy level is 2 with standard 

deviation 10. 

For proportion of tardy jobs at level 3, similar 

conclusion can be made, that is, SPT is significantly 

different from MST, EDD, FOPNR, and MOPNR; MST is not 

significantly different from EDD, FOPNR, and MOPNR 
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according to Table 5.8. EDD is significantly different 

from FOPNR and MOPNR. FOPNR is significantly different 

from MOPNR . Thus, we can say that SPT has the smallest 

proportion of tardy jobs among rules of MST, EDD, FOPNR 

and MOPNR at level 3 of inaccuracy. 

For proportion of tardy jobs at level 4, SPT is 

significantly different from MST, EDD, FOPNR, and MOPNR 

according to Table 5.8. SPT has smaller proportion of 

tardy jobs than MST, EDD, FOPNR, and MOPNR according to 

Table 5 . 7. There are no significant differences among 

MST, EDD, and MOPNR for proportion of tardy jobs. In 

conclusion, SPT gives the smallest proportion of tardy 

jobs at level 4 among all rules selected. 

To summarize the above analyses of the effectiveness 

of proportion of tardy jobs, we give the ranking for 

rules at different levels of inaccuracy in Table 5.9. 

Table 5.9. Rank of Rules by PT 

Rank Inaccuracy Level 
1 2 3 4 

1 SPT SPT SPT SPT 

2 MST MST MST FOPNR 
FOPNR FOPNR FOPNR 
MOPNR MOPNR MOPNR 

3 EDD EDD EDD EDD 
MST 
MOPNR 
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From Table 5. 9, SPT is the best for minimizing 

proportion of tardy jobs among MST, EDD, FOPNR, and MOPNR 

at all levels . In other words, SPT is the best rule at 

all levels among the rules tested in yielding lowest 

proportion of tardy jobs. 

5.4. Analysis of Allowance Range 
of Inaccuracy 

Similarly, the Mann-Whitney test statistics for 

comparing performance measures among the levels of 

inaccuracy under different rules are illustrated in 

Tables 5.10, 5.11 and 5.12 for mean flowtime, mean 

tardiness, and proportion of tardy jobs, respectively. 

From the Mann-Whitney test statistics for comparing 

the expected values of mean flowtime among levels of 

inaccuracy displayed in Table 5.10, we can see that when 

the inaccuracy level is 2, with standard deviation 10, 

there is no significant difference between the expected 

value of mean flowtime observed under SPT at level 1 and 

that observed under SPT at level 2. The mean flowtirnes 

for the SPT rule are 1094 . 85, 1111 . 46, 1196.25 and 

1282.61 at level 1, 2, 3, and 4, respectively. Mann 

Whitney test statistics indicate that there is no 
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Table 5.10. Mann-Whitney Test Statistics 
for MFT Among Levels 

Levels SPT MST EDD FOPNR MOPNR 

1 vs. 2 99 112 109 92 117 

1 vs. 3 68 99 83 71 77 

1 vs. 4 57 65 81 58 65 

2 vs. 3 75 105 78 76 82 

2 vs. 4 59 72 74 57 73 

3 vs . 4 78 73 109 84 96 

Note: 1. Sample size 10' 

2 . Significance level 0.05, 

3. Critical range of Mann-Whitney test is from 79 
to 131. 

significant difference between the performance measures 

at level 1 and 2. That is to say, if the anticipated 

processing times are not precisely the same as the true 

processing times 1 but the inaccuracy of the estimation is 

within certain range, the schedule made by anticipated 

processing times will not significantly affect the SPT 

rule performance. Similar conclusions can be drawn for 

the other rules such as MST, EDD 1 FOPNR1 and MOPNR . 

However, at levels 3 and 4, there are significant 

differences between levels. 
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Table 5.11. Mann-Whitney Test Statistics 
for MT Among Levels 

Levels SPT MST EDD FOPNR MOPNR 

1 vs . 2 99 109 108 92 95 

1 vs . 3 72 102 88 77 77 

1 vs . 4 60 64 77 59 68 

2 vs. 3 77 107 79 78 81 

2 vs. 4 63 73 72 59 78 

3 vs . 4 85 74 114 87 97 

Note: 1. Sample size 10, 

2 . Significance level 0.05, 

3. Critical range of Mann-Whitney test is from 79 
to 131. 

Furthermore, similar conclusions can be drawn for 

other performance measures . The Mann-Whitney test 

statistics for comparing the expected values of mean 

tardiness among levels of inaccuracy under different 

rules are listed in Table 5.11. At level 1 of inaccuracy, 

with standard deviation 10, the inaccuracy induced in the 

anticipated processing times does not significantly 

affect mean tardiness . However, at levels 3 and 4 of 

inaccuracy, mean tardiness becomes significantly 

different from level 3 to level 4 under all rules test ed . 
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Table 5 . 12 . Mann-Whitney Test Statistics 
for PT Among Levels 

SPT MST EDD FOPNR MOPNR 

1 vs. 2 96 117 100 89 125 

1 vs. 3 60 97 87 67 75 

1 vs. 4 55 61 88 55 57 

2 VS. 3 74 105 77 74 83 

2 vs. 4 55 70 79 55 61 

3 vs . 4 58 71 102 71 74 

Note: 1. Sample size 10, 

2. Significance level 0.05, 

3 . Critical range of Mann-Whitney test is from 79 
to 131. 

The Mann-Whitney test statistics for comparing the 

expected values of proportion of tardy jobs among levels 

of inaccuracy are listed in Table 5.12 . When the 

inaccuracy of processing time estimation is at level 2, 

with standard deviation 10, there is no significant 

increase of proportion of tardy jobs in comparison to the 

standard case of no errors in processing time estimates. 

The data in Tables 5 . 10, 5.11, and 5.12 are 

summarized in Table 5 . 13. Table 5.13 indicates that when 

the level of inaccuracy is at level 1 or level 2, with 

standard deviation of 0 or 10, respectively, there is no 

significant difference between the means of the 
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performance measures for all the rules considered. In 

other words, if the estimation of a true processing time 

is not perfectly accurate but the standard deviation 

between the true and anticipated processing time is 10, 

there is no observable deterioration of the performance 

of the priority rules . We may therefore conclude that a 

slight inaccuracy involved in the estimation does not 

significantly affect the scheduling function. However, if 

the inaccuracy of processing time estimation is large 

(i.e., with standard deviation 20 or 30), the inaccuracy 

affects the performance of the rules significantly. 

Table 5.13. Results of Hypothesis Test 
(level 2 vs. level 1) 

Criteria SPT EDD MST FOPNR MOPNR 

MFT NR NR NR NR NR 

MT NR NR NR NR NR 

PT NR NR NR NR NR 

Note: R and NR are decisions made from the hypothesis 
tests: 

R--reject null hypothesis, significant 
difference, 

NR--accept null hypothesis, no significant 
difference. 
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5.5 . Analysis of Robustness of Rules 

The analysis of the robustness of scheduling rules 

is another important aspect considered in this thesis. As 

discussed above, there are no significant differences 

between the means of performance measures of MFT, MT, and 

PT observed at level 1 of inaccuracy, with standard 

deviation 0, and those observed at level 2, with standard 

deviation 10. From Table 5.10, the data show that when 

the standard deviation increases from 0 to 20, the 

expected values of mean flowtime observed under both MST 

and EDD are not significantly different. However, 

according to the Mann-Whitney test statistics, the 

expected values of mean flowtime observed under SPT, 

FOPNR, and MOPNR are significantly different from level 

1 to level 3. This means that when the inaccuracy of 

processing time estimation increases, MST and EDD do not 

have significant deterioration by mean flowtime . 

Therefore, MST and EDD are robust compared with other 

selected rules by the criterion of mean flowtime. This is 

true when other criteria such as mean tardiness and 

proportion of tardy jobs are considered, which can be 

seen from Table 5.11 and 5 . 12. Results are summarized in 

Table 5.14. 
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According to Table 5. 14, we can say that MST and EDD 

are more robust than other rules tested, namely SPT, 

FOPNR, and MOPNR . In other words, MST and EDD do not 

deteriorate in performance significantly at a higher 

level of ~naccuracy. 

The reason that MST and EDD are more robust than 

other rules considered is that MST (minimum slack time) 

and EDD (earliest due date) are due date related 

scheduling rules . As mentioned in the above discussion, 

the RND due date assignment method is used in this study. 

Table 5.14 . Results of Hypothesis Test 
(level 3 vs. level 1) 

Criteria SPT EDD MST FOPNR MOPNR 

MFT R NR NR R R 

MT R NR NR R R 

PT R NR NR R R 

Note : R and NR are decisions made from the hypothesis 
tests : 

R--reject null hypothesis, significant 
difference, 

NR--accept null hypothesis, no significant 
difference . 
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Random numbers are used in the due date assignment. Some 

randomness ~s induced when using the MST or EDD rule. 

Therefore, for MST and EDD, more randomness is involved. 

It then becomes more difficult to detect the significant 

deterioration of rule performance under the situation of 

the inaccuracy of processing time estimation. 
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CHAPTER 6 

CONCLUSIONS AND RECOMMENDATIONS 

The objective of this research is to investigate the 

effectiveness and the robustness of scheduling rules at 

different levels of inaccuracy of job processing time 

estimation. In the study, a dynamic job shop model with 

10 machines ~s used to process 1000 jobs. Five 

dispatching rules are selected for the study. The rules 

are SPT (shortest processing time), MST (minimum slack 

time), EDD (earliest due date), FOPNR (fewest operations 

remaining) and MOPNR (most operations remaining) . Three 

criteria are used to evaluate the rules. They are MFT 

(mean flowtime), MT (mean tardiness), and PT (proportion 

of tardy jobs) . Four different levels of inaccuracy of 

processing time estimation are selected to evaluate the 

performance of dispatching rules under a given condition 

of inaccuracy. Level 1 is the standard case without any 

error in processing time estimation and is used as the 

basis for comparison. For other levels, the inaccuracy of 

processing time estimation increases at each level with 

standard deviation 10, 20, and 30. For each situation, 

ten different runs are used. 
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6.1 . Conclusions 

Several conclusions can be drawn based on the 

analyses of the simulation outputs and the Mann-Whitney 

test statistics from Chapter 5. 

1 . Generally speaking, the SPT rule performs 

significantly differently from other rules tested at all 

levels of ~naccuracy of processing time estimation 

according to the criteria of mean flowtime, except at the 

highest level of inaccuracy. At the highest level, with 

standard deviation 30, there is no significant difference 

between the performance of SPT and the performance of EDD 

for mean flowtime. Based on the criterion of mean 

tardiness, the performance of SPT, MST, and EDD are not 

significantly different from each other, at all levels of 

inaccuracy . They are significantly different from FOPNR 

and MOPNR . They achieve lower mean tardiness than FOPNR 

and MOPNR . For the performance measure of proportion of 

tardy jobs, SPT has the smallest proportion of tardy jobs 

among other rules tested, at all levels of inaccuracy of 

processing time estimation. 

2 . When the inaccuracy of processing time 

estimation is not large, with standard deviation between 

true and anticipated processing times being 10, the 

inaccuracy does not significantly affect the 

effectiveness of selected scheduling rules. That is to 

say, if the estimation of true processing times is not 
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perfectly accurate, but the anticipated processing times 

are very close to true processing times, with standard 

deviation 10, the scheduling decision is not 

significantly affected by the inaccuracy of processing 

time estimation. A small inaccuracy in the estimation of 

processing times will not significantly affect the 

scheduling decision. However, if the inaccuracy of 

processing time estimation is large, with standard 

deviation 20 and 30, the inaccuracy will affect the 

performance of rules significantly, according to the 

tested rule under the criteria of mean flowtime, mean 

tardiness, and proportion of tardy jobs. 

3. MST and EDD are more robust than EDD, FOPNR, 

and MOPNR, according to the criteria of mean flowtime, 

mean tardiness, and proportion of tardy jobs using the 

Mann-Whitney test statistics . This is because, when the 

inaccuracy of processing time estimation increases from 

level 1 with standard deviation 0 up to level 3 with 

standard deviation 20, the means of the performance 

measures yielded by these two levels, under both MST and 

EDD, are not significantly different . However, the means 

of the performance measures yielded by these two levels 

under other rules are significantly different. The reason 

MST and EDD are more robust than SPT, FOPNR, and MOPNR 

is that MST and EDD are due date related scheduling 

rules. Other random factors are involved in MST and EDD, 
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such as the randomness from due date assignment . More 

randomness is present in due date related rules, and this 

makes it more difficult to detect significant 

deterioration of the performance of these rules. 

Therefore, these rules appear more robust. 

4. Even though EDD and MST are more robust than 

SPT, SPT is the most effective rule at all levels, 

according to criteria of mean flowtime and proportion of 

tardy jobs . The amount of mean flowtime or proportion of 

tardy jobs observed by SPT, at a high inaccuracy level, 

is not larger than the amount of mean flowtime or 

proportion of tardy jobs observed by the more robust 

rules, EDD and MST . Therefore, SPT should be selected at 

all levels of inaccuracy if the criteria is to minimize 

mean flowtime or to minimize proportion of tardy jobs, 

shown in Figure 5 . 1 and Figure 5 . 3 . However, if the 

criterion is to minimize mean tardiness, EDD or MST 

should be selected because they are more effective and 

more robust than SPT for mean tardiness under inaccuracy 

situations. 
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6.2 . Recommendations for Future Research 

1. In this research, the Erlang distribution is 

used to generate true processing times . Further 

consideration is needed for true processing times with 

both constant and Erlang components. In this way, the 

truncation of true processing times can be controlled. 

Therefore, more realistic true processing times can be 

generated by truncating a large amount on the left side 

of the mode of processing times and a very small amount 

on the right side. This is justified because it is 

thought there is very little chance of true processing 

times being less than anticipated processing times, while 

there are numerous chances of true processing times being 

higher than their estimates, due to delays such as 

machine breakdown, tool change, and so forth . 

2 . According to the simulation results we 

obtained, SPT is the most effective rule for mean 

flowtime and proportion of tardy jobs at all levels of 

inaccuracy even though it is not robust at a h i gher level 

of inaccuracy. Therefore, even at a higher level of 

inaccuracy, SPT still is a good rule for minimizing mean 

flowtime and proportion of tardy jobs. It is not 

necessary to consider the conflict between effectiveness 

and robustness . However, if SPT is not more effective at 

a certain level of inaccuracy than the more robust rules 

of EDD and MST, for criteria of mean flowtime and 
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proportion of tardy jobs, the choice between 

effectiveness and robustness should be considered. 

Therefore, it may be a productive idea to investigate 

more dispatching rules to study the conflict situations. 

3. According to the results of this research, some 

rules still work well under the situation where there 

exists the inaccuracy of processing time estimation, 

according to certain criteria. For example, there is no 

significant deterioration of the performance of MST and 

EDD even though the inaccuracy is at level 3 with 

standard deviation 20, according to all criteria 

selected. There is no significant deterioration of the 

performance of EDD, even though the inaccuracy is at 

level 4 with standard deviation 30, based only on the 

criterion of mean flowtime. However, generally speaking, 

at higher levels of inaccuracy of processing time 

estimation, there is obvious deterioration of the 

performance of priority rules, according to the analyses 

in Chapter 5. It appears feasible to search for new rules 

or new approaches which remain effective in the presence 

of large inaccuracy of processing time estimation. 
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APPENDIX GHSSH CODE FOR JOB SHOP MODEL 

*DYNAMIC JOB SHOP MODEL 
*NUMBER OF MACHINES IN THE SHOP 10 
*VARIANCE LEVEL 1 , NO VARIANCE 
*SCHEDULING POLICY : SPT 

*----------------------------------------------------------
*defining 

'C: \H\JS1. OAT' OUT FILEDEF 
INTEGER&I,&J 
INTEGER 
INTEGER 

&NOBS,&REP 
&SEEDS1,&SEEDS2,&SEEDS3,&SEEDS4, 
&SEEDS5,&SEEDS6 

INTEGER 
INTEGER 
REAL 
REAL 
REAL 
REAL 
REAL 
REAL 
REAL 

DUED FVARIABLE 
FLOWTFVARIABLE 
TARDYFVARIABLE 
1 TABLE 

* 
*simulating 

&NOP,&OP 
&DDC,&STD,&TRUN 
&EPT,&APT 
&FTIME {1000) 
&TAR(1000) 
&MFT,&MTD 
&TFT,&TTD,&SQTD 
&MAX TO 
&NTAR,&PTD 
PL{1)+&DDC+SOO*FRN{1) 
AC1-PL(1) 
AC1-PL{2) 
&APT-&EPT,-10,5,15 

*DDR U {1, 10) 

GENERATE RVEXP0{1,50),,,,,12PB,11PH,11PF,SPL 
MARK 1PL * ARRIVAL TIME 

* 
processing times 

&NOP=S*FRN{1)+6 
11,&NOP,PB 
12,0,PB 

*assigning 
BLET 
ASSIGN 
ASSIGN 
ASSIGN 

MOP ASSIGN 
BLET 
ASSIGN 
BLET 
ASSIGN 
ASSIGN 
BLET 
TABULATE 
ASSIGN 
TEST GE 

*assigning due 
ASSIGN 

* 
*processing 

ASSIGN 

1 

11,0,PH 
12+,1,PB 
&OP=10*FRN{1)+1 
PB{12),&0P,PB 
&EPT=60*FRN{1)+20 
PB{12),&EPT,PF 
11+,&EPT,PF 
&APT=RVNORM{2,&EPT,&STD) 

PB(12),&APT,PH 
PB(12),PB{11),MOP 

dates 
2,V$DUED,PL 

12,0,PB 
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*NOP U {6, 10) 
*OP INDEX 

*OP U {1, 10) 
*EPT U(20,80) 

*TOTAL EPT 

*DUE DATE 



PROC ASSIGN 
ASSIGN 
LINK 

12+,l,PB 
5,PF(PB(l2)),PL 
PB(PB(l2)),5PL,CONT 
PB (PB (12)) 
PH(PB(l2)) 
PB(PB(l2)) 
PB(PB(l2)),CONT,l 
PB(l2),PB(ll),PROC 

CONT SEIZE 
ADVANCE 
RELEASE 
UNLINK 
TEST GE 

* 
*calculating performance measures 

3PL MAK MARK 

BK 
BKl 

FIN 

BLET 
BLET 
TEST G 
BLET 
BLET 
TRANSFER 
BLET 
TEST G 
BLET 
TERMINATE 

&J=N(MAK) 
&FTIME(&J)=V$FLOWT 
V$TARDY,O,BK 
&NTAR=&NTAR+l 
&TAR(&J)=V$TARDY 
,BKl 
&TAR(&J) =0 
V$TARDY,&MAXTD,FIN 
&MAXTD=V$TARDY 
1 

*------------------------------------
*control statements 

SIMULATE 
REALLOCATECOM,96666 
LET &NOBS=1000 
LET &REP=10 
LET &DDC=855 
LET &STD=O 
LET &SEEDS1=123 
LET &SEEDS2=153767 
LET &SEEDS3=223456 
LET &SEEDS4=343651 
LET &SEEDS5=456789 
LET &SEEDS6=536548 
RMULT &SEEDSl,&SEEDS2 
CLEAR 
DO 
CLEAR 
LET 
LET 
START 
LET 
LET 
LET 
DO 
LET 
LET 
LET 
END DO 
LET 
LET 

&I=l,&REP 

&NTAR=O 
&MAXTD=O 
&NOBS 
&TFT=O 
&TTD=O 
&SQTD=O 
&J=1,&NOBS 
&TFT=&TFT+&FTIME(&J) 
&TTD=&TTD+&TAR(&J) 
&SQTD=&SQTD+&TAR(&J)*&TAR(&J) 

&MFT=&TFT/&NOBS 
&MTD=&TTD/&NOBS 
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*TEMP EPT 

*FOR CRN 
*FOR ACT SEQ 1 
*FOR ACT SEQ 2 
*FOR ACT SEQ 3 
*FOR ACT SEQ 4 
*FOR ACT SEQ 5 



***** 

LET 
PUTPIC 

&PTD=&NTAR/&NOBS*lOO 
FILE=OUT,LINES=7, (&I,&MFT,&MTD,&TTD, 
&SQTD,&MAXTD,&PTD) 

***** ***** 
***** · ***** 
*****·***** 
*****.***** 
***** · ***** 
*****·***** 
END DO 
END 
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