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CHAPTER 4

COMPUTATIONAL EXPERIMENTS

In order to evaluate the performance of the proposed heuristics, a series of

computational experiments have been conducted to compare the results produced by the

proposed heuristics, well-known heuristics and dispatching rules on randomly generated

problems under different production scenarios. Table 4.1 summarizes the experimental

factors for minimizing makespan used to define the production scenarios: the number of

jobs, the number of stages, the variation of job processing times, the position of the

bottleneck stage in the flow line, and the workload difference between bottleneck and

non-bottleneck stages. Table 4.2 summarizes the experimental factors for minimizing

the number of tardy jobs and total tardiness scheduling problems. Table 4.2 is

identical to Table 4.1 except for the tightness of job due date. The number of jobs has

three levels with values set at 30, 50, and 100 (low, medium, and high). The number

of stages has three levels with values set at 5, 10, and 20 (low, medium, and high),

where the number of machines at each stage is generated from discrete uniform

distribution in the range of [1, 10]. The processing times of an operation on different

machines at stage j are generated from a discrete uniform distribution multiplied by the
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number of machines at stage j, mj. The purpose of the term, mj, is to balance the

workload of the stages (Lee et al., 2004). Three ranges are considered for uniform

distribution to define the variation of job processing times. They are the following:

[10, 50], [10, 100], and [10, 200] (low, medium, and high). The position of the

bottleneck stage in the system has three levels: the first quarter, the second quarter, and

the third quarter of the flow line. The exact position of the bottleneck stage is

randomly selected from the first quarter, the second quarter, or the third quarter of the

flow line. The workload difference between the bottleneck stage and the highest

workload non-bottleneck stage is set at three ratios of 1.1, 1.5 and 2.0 (low, medium,

and high). The workload of a specified bottleneck stage is created as follows: (1) with

a given combination of the number of jobs and the number of stages, randomly generate

the processing times of the operations of every job on every stage; (2) calculate

workload Rj = jij mp /)( for every stage 1 ≦ j ≦ J, and choose the stage, say stage

k, with the largest R value; (3) randomly select a bottleneck stage b, b ≠ k, from a

predetermined quarter on the flow line; (4) with a specified workload difference (wd),

modify the processing time of job i on machine m at bottleneck stage b, ibmp , where

new ibmp = (old ibmp )×(Rk/old Rb)×(wd). This procedure will guarantee that the ((new

Rb)/Rk) equals the specified wd. The due dates of jobs are generated from a discrete
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uniform distribution U[L(1-T-R/2), L(1-T+R/2)] where L is a lower bound of the

makespan, and T and R are the tardiness factor and due date range, respectively. The

maximum of the total processing times of all the jobs, 

J

j iji pMax 1
}{ , is a lower

bound for FFL problems with identical parallel machines (Santos et al. 1995). Since

unrelated parallel machines are considered in this research, we define L to be equal to



J

j iji pMax 1
}{ . Note that this L cannot guarantee to produce the lower bound for the

candidate problem. There are three groups of T and R, [0.1, 1.6], [0.3, 1.2] and [0.5,

0.8], considered in this research. The three discrete uniform distributions for due date

generation are then created as follows: U[0.1L, 1.7L], U[0.1L, 1.3L], and U[0.1L, 0.9L].

Clearly, a smaller tardiness factor, T, and a larger due date range, R, will create a

uniform distribution with wider range for due date generation, and vice versa.

To evaluate the performance of the proposed bottleneck-based heuristics, three

experiments are conducted, such as, minimizing makespan, minimizing number of tardy

jobs, and minimizing total tardiness. Within these three experiments, each experiment

can be divided into two parts. The first part evaluates the proposed heuristics in the

FFL with unrelated parallel machine environments and the second part is to evaluate the

proposed heuristics in the identical parallel machine environments. For unrelated

parallel machine environment problems, three machine selection rules are adopted in
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this study to help schedule jobs, such as EAAM, ECAM, and ECALLM. The main

difference between the unrelated and identical parallel machines is the machine

selection rules, EAAM, ECAM, and ECALLM, used in this study. This is because the

algorithms with the three machine selection rules will result in the same consequences

in identical parallel machine environments. Hence, all algorithms will use the EAAM

machine selection rule to schedule jobs in identical parallel machine environments.

Table 4.1. Experimental Design for Generating Minimizing Makespan Test Problems

Experimental Factors Factor Levels

Number of jobs 30

50

100

L

M

H

Number of stages 5

10

20

L

M

H

Range of processing times U[10, 50]

U[10, 100]

U[10, 200]

L

M

H

Position of bottleneck stage The first quarter of the flow line The

second quarter of the flow line The third

quarter of the flow line

L

M

H

Workload difference 1.1

1.5

2.0

L

M

H
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The details of the experimental design for minimizing makespan problems will be

presented in subsection 4.1, the experimental design for minimizing the number of tardy

jobs problems will be presented in subsection 4.2, and the experimental design for

minimizing total tardiness problems will be presented in subsection 4.3.

Table 4.2. Experimental Design for Generating Minimizing the Number of Tardy Jobs and Total Tardiness

Test Problems

Experimental Factors Factor Levels

Number of jobs 30

50

100

L

M

H

Number of stages 5

10

20

L

M

H

Range of processing times U[10, 50]

U[10, 100]

U[10, 200]

L

M

H

Position of bottleneck stage The first quarter of the flow line The

second quarter of the flow line The third

quarter of the flow line

L

M

H

Workload difference 1.1

1.5

2.0

L

M

H

Tightness of job due date U[0.1L, 0.9L]

U[0.1L, 1.3L]

U[0.1L, 1.7L]

L

M

H



41

4.1 Conducting an Experiment for Minimizing Makespan Problems

To evaluate the performance of the proposed heuristics, two parts of the

experiment are conducted and analyzed. The first part evaluates the proposed

heuristics in the FFL with unrelated parallel machine environments and the second part

is to evaluate the proposed heuristics in the identical parallel machine environments.

4.1.1 Conducting an Experiment for Minimizing Makespan Problems in

Unrelated Parallel Machine Environments

With the five three-level factors considered in Table 4.1, there are a total of 243

production scenarios, and ten test problems are generated for each scenario in the

experiment. These problems are conducted to compare the performance of BDMIH

and the other four well-known heuristics: CDS, DAN, NEH, and CDSD.

These algorithms and three machine selection rules result in 15 algorithms. These

algorithms are evaluated on the basis of the relative percentage deviation (RPD) from

the best solution, the number of cases where each rule found the best solution (NBS),

and the average makespan (AM). The RPD is defined thus:

100.


b

ba

S
SS

=RPD
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Sa is the solution value obtained by method a, and Sb is respectively the best solution

value among those obtained by the algorithms included in the comparison.

Table 4.1.1.1 presents the computational results of the 15 algorithms and shows

several noteworthy points. First, the machine selection rules significantly affect the

performance of the well-known heuristics and the bottleneck-based heuristic. When

the well-known heuristics are used, the average makespan produced by EAAM is

around 9,900; the ECAM and ECALLM numbers are 7,500 and 5,800, respectively.

These numbers show that ECALLM dominates EAAM and ECAM by 41% and 23%,

respectively. A similar result can be obtained for bottleneck-based heuristics where

ECALLM dominates EAAM and ECAM by about 41% and 17%, respectively.

Therefore, we conclude that ECALLM is the machine selection rule that should be

considered for the candidate problem. Second, within each of the machine selection

rules, the bottleneck-based heuristics significantly outperform well-known heuristics.

When EAAM is used, the average makespan produced by the bottleneck-based heuristic,

BDMIH, is 9,360, and produced by the best well-known heuristic, CDS, is 9,842, thus

BDMIH dominates CDS by 4.9%. When ECAM is used, the average makespan

produced by the bottleneck-based heuristic, BDMIH, is 6,642, and produced by the best

well-known heuristic, NEH, is 7,148, thus BDMIH dominates NEH by 7.1%. When
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ECALLM is used, the average makespan produced by the bottleneck-based heuristic,

BDMIH, is 5,516, and produced by the best well-known heuristic, NEH, is 5,652, thus

BDMIH dominates NEH by 2.4%. These results reach the following conclusions; that

bottleneck-based heuristics outperform well-known heuristics and the BDMIH is the

best algorithm when the ECALLM machine selection rule is used.

The results of the average RPD and the NBS in Table 4.1.1.1 strongly support the

previous conclusions. For well-known heuristics, when EAAM is used, the average

RPDs are all around 79.3 to 91.2. They decrease to around 31.1 to 45.6 when ECAM

is used and further decrease to around 3.3 to 10.8 when ECALLM is used. On the

contrary, when EAAM is used, the NBS are all 0, and they increase to several hundred

when ECAM and ECALLM are used. As for bottleneck-based heuristic, when EAAM

is used, the average RPD is around 70.2. It significantly decreases to about 22.1 when

ECAM is used and further decreases to about 0.7 when ECALLM is used. The NBS

shows the same tendency as that of well-known heuristics. When EAAM is used, the

NBS is 0. It increases to over 50 when ECAM is used and further significantly

increases to over 1,600 when ECALLM is used. Therefore, we can conclude that

ECALLM significantly dominates ECAM and EAAM for well-known heuristics and

bottleneck-based heuristics. Also, within each of the machine selection rules we can
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easily identify that bottleneck-based heuristics significantly dominate the well-known

heuristics. When EAAM is used, the RPD produced by the bottleneck-based heuristic,

BDMIH, is around 70.2, and produced by the best well-known heuristic, CDS, is 79.3,

thus BDMIH dominates CDS by 11.6%. When ECAM is used, BDMIH dominates the

best well-known heuristic, NEH, by 29% in terms of RPD. When ECALLM is used,

this comparison is even clearer as BDMIH dominates the best well-known heuristic,

NEH, by 78.7% in terms of RPD. The NBS shows the same tendency as that of the

comparison. When ECALLM is used, the NBS produced by the bottleneck-based

heuristic, BDMIH, is 1,639, and produced by the best well-known heuristic, NEH, is

470; therefore the NBS of the NEH is about 1/3 that of the BDMIH.

We further applied the analysis of variance (ANOVA) and the least significance

difference method (LSD) test to analyze the output (the RPD) of 2,430 test problems to

confirm the previous conclusions. The four well-known heuristics and BDMIH are

grouped into a factor and denoted as the algorithms. Table 4.1.1.2, the ANOVA table,

shows that machine selection rules significantly affect the output of the test problems,

and Table 4.1.1.3, the result of the LSD test, shows that ECALLM significantly

dominates ECAM and EAAM. Note that in Table 4.1.1.3, the machine selection rules

are sequenced in descending order in terms of their average RPD, and the rules with the
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same letter represent the performance of the rules are not significantly different. Then,

within each of the machine selection rules, we applied the analysis of variance and the

LSD test to test if BDMIH significantly outperforms well-known heuristics. Since the

test results for the three machine selection rules are about the same, we present only the

results for ECALLM here. Table 4.1.1.4, the ANOVA table, shows that the algorithms

significantly affect the output, and Table 4.1.1.5, the result of the LSD test, shows that

BDMIH significantly dominates well-known heuristics.

Table 4.1.1.1. Performance Comparisons of the Proposed Heuristics and the Dispatching Rules (in
terms of average RPD, average makespan (AM), and number of best solutions (NBS))

AM Average RPD (NBS)

Machine selection rules Machine selection rulesAlgorithms

EAAM ECAM ECALLM EAAM ECAM ECALLM

CDS 9842 7453 5751 79.3433 (0) 36.633 (0) 5.2855 (173)

DAN 10470 7937 6045 91.1659 (0) 45.5789 (0) 10.7767 (9)

CDSD 9850 7457 5752 79.5552 (0) 36.6229 (0) 5.2743 (173)

NEH 9889 7148 5652 79.8047 (0) 31.0792 (7) 3.2767 (470)

BDMIH 9360 6642 5516 70.1643 (0) 22.0729 (54) 0.6988 (1639)
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Table 4.1.1.2. Analysis of Variance to Test the Significance of the Machine Selection Rules.

Source of variation Degree of freedom Sum of squared error Mean squared error F**

Algorithms 4 1236277.50 309069.37 495.51**

Machine selection rules 2 34657428.41 17328714.20 27781.95**

Error 36443 22730955.43 623.74

Total 36449 58624661.33
**Difference in the effects at significance level 0.01.

Table 4.1.1.3. Results of LSD Test for Machine Selection Rules.

Machine selection rules RPD Results* (groups)

ECALLM 5.0624 A

ECAM 34.3974 B

EAAM 80.0067 C
*Statistically significant difference (at the significance level of 0.01) between machine selection rules with
different alphabet letters.

According to the previous analyses, ECALLM should be the machine selection

rule chosen to work with BDMIH for the candidate problem. All three criteria in Table

4.1.1.1 show that BDMIH is slightly better than the other heuristics when the ECALLM

machine selection rule is used. Therefore, it is concluded that BDMIH working with

ECALLM is the best heuristic for the candidate problem, and it is denoted as

BDMIH/ECALLM. We further study the performance of BDMIH/ECALLM under

different production scenarios. Table 4.1.1.6 summarizes the average RPD for each

level of the five experimental factors for generating the 243 production scenarios. The
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results in Table 4.1.1.6 show that BDMIH has better performance under the following

conditions: high number of jobs (100 jobs), low number of stages (5 stages), low level

of range of processing times ([10, 50]), low level of bottleneck positions (first quarter),

and high level of workload difference (2.0). Workload difference is especially a

noteworthy factor. The average RPD value significantly decreases by more than 15%

(from 0.8 to 0.68) when the workload difference increases from low level (1.1) to

medium level (1.5), and further decreases to 0.61 when the workload difference

increases to 2.0. This result may reach the conclusion that BDMIH is more effective

when the phenomenon of bottleneck is distinct. However, BDMIH still dominates the

other heuristics when the workload difference is low. The average RPD of BDMIH is

0.8 and the average RPDs of NEH and CDSD are 3.05 and 4.64 respectively.

Table 4.1.1.4. Analysis of Variance to Test the Significance of the Algorithms when ECALLM Is Used.

Source of variation Degree of freedom Sum of squared error Mean squared error F**

Algorithms 4 133595.82 33398.96 1571.89**

Error 12145 258052.00 21.25

Total 12149 391647.82
**Difference in the effects at significance level 0.01.
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Table 4.1.1.5. Results of LSD Test for Bottleneck-based Heuristics.

Algorithms RPD Results* (groups)

BDMIH 0.6988 A

NEH 3.2767 B

CDSD 5.2743 C

CDS 5.2855 C

DAN 10.7767 D
*Statistically significant difference (at the significance level of 0.01) between machine selection rules with
different alphabet letters.

Table 4.1.1.6. Effect of the Experimental Factors on the BDMIH/ECALLM (in terms of average RPD)

Average RPD

Factors Low Medium High

Number of jobs 1.1226 (473) 0.6040 (552) 0.3700 (614)

Number of stages 0.6472 (583) 0.6956 (541) 0.7537 (515)

Processing time 0.5055 (581) 0.6489 (541) 0.9421 (517)

Workload difference 0.8013 (502) 0.6836 (552) 0.6116 (585)

Position of the bottleneck stage 0.6525 (554) 0.6727 (547) 0.7713 (538)

Table 4.1.1.7. Average Computational Time Required for the Heuristics

CPU times (s)

Number of jobs Number of stages

Heuristics Low Medium High Low Medium High
Overall

CDS 0.0071 0.0140 0.0421 0.0035 0.0124 0.0473 0.0211

DAN 0.0008 0.0012 0.0030 0.0009 0.0014 0.0027 0.0017

CDSD 0.0073 0.0141 0.0423 0.0037 0.0126 0.0473 0.0212

NEH 0.1244 0.6372 7.0868 1.1457 2.2474 4.4553 2.6161

BDMIH 0.1238 0.6292 6.8824 1.0566 2.1725 4.4063 2.5451
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Finally, we discuss the efficiency of the BDMIH algorithm. All the heuristics are

coded using the C++ language and all experiments are performed on a PC with Intel

Xeon, 3.2 GHz CPU and 4 GB RAM. Table 4.1.1.7 displays the average computation

time (in seconds) required for the five heuristics to solve a problem. The results show

that the average CPU time for BDMIH to solve a 100-job problem is around 6.88

seconds, which has no significant different to that of NEH. For time complexity

analysis of NEH, first, NEH uses a sorting routine to obtain the initial sequence and if a

selection sort is used, the time complexity of this part is ( )( 2nO ). Second, for the

insertion process, NEH needs to perform [i] iterations and each job [i] will be placed in

[i] positions for evaluations within each iteration, where [i] is 1 to n. In addition, each

evaluation requires [i]*J calculations. Therefore, the NEH requires )][]([
1][


n

i
Jii

calculations. )(
1


n

i
Jii , clearly, is J

nnn



6

)12)(1(
. The overall complexity of

NEH is )()( 332 JnOJnnO  . For time complexity analysis of BDMIH, BDMIH on

the average needs to perform 2n calculations to obtain the initial sequence and the

time complexity of this part is )( 2nO . In addition, we know the BDMIP belongs to a

variant of NEH. The asymptotic time complexity of the multiple insertion process in

our proposed heuristic, BDMIH, is the same as that of NEH. Thus the time

complexity of the BDMIH is )()( 332 JnOJnnO  . Although, the efficiency of



50

BDMIH has no significant difference to that of NEH, the effectiveness of BDMIH

dominates NEH.

4.1.2 Conducting an Experiment for Minimizing Makespan Problems in Identical

Parallel Machine Environments

This experiment uses the same problems conducted in the experiment for

minimizing makespan problems in unrelated parallel machine environments. There

are a total of 243 production scenarios, and ten test problems are generated for each

scenario in the experiment. In order to evaluate the proposed heuristic, four

well-known heuristics collected from literature will be used for comparison. Therefore,

four well-known heuristics and the proposed bottleneck-based heuristic with the EAAM

machine selection rule results in 5 algorithms. These algorithms are evaluated on the

basis of the relative percentage deviation index (RPD), the number of cases where each

rule found the best solution (NBS), and the average makespan (AM).

Table 4.1.2.1 presents the computational results of the 5 algorithms and shows

several noteworthy points. First, BDMIH significantly outperforms well-known

heuristics. The average makespan produced by bottleneck-based heuristic, BDMIH, is

9,634, and produced by the best well-known heuristic, NEH, is 9,875; thus BDMIH
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dominates NEH by 2.4%. These results reach to one conclusion, that bottleneck-based

heuristic outperforms well-known heuristics.

The results of the average RPD and the NBS in Table 4.1.2.1 strongly support the

previous conclusions. The RPD produced by bottleneck-based heuristic, BDMIH, is

around 0.64, and produced by the best well-known heuristics, NEH, are 3.32, therefore

BDMIH dominates NEH by 80.8%. The NBS shows the same tendency as that of the

comparison. The NBS produced by bottleneck-based heuristic, BDMIH, is 1,627, and

produced by the best well-known heuristic, NEH, is 370; the NBS of the NEH is about

1/4 that of BDMIH.

We further applied the analysis of variance (ANOVA) and the LSD test to analyze

the output (the RPD) of 2,430 test problems to confirm the previous conclusions. The

well-known heuristics and the bottleneck-based heuristic are grouped into a factor and

denoted as algorithms. Table 4.1.2.2, the ANOVA table, shows that the algorithms

significantly affect output, and Table 4.1.2.3, the result of the LSD test, shows that

BDMIH significantly dominates well-known heuristics.

According to the previous analyses, BDMIH is the best heuristic for the candidate

problem. All three criteria in Table 4.1.2.1 show that BDMIH is slightly better than

the other heuristics. Therefore, we further study the performance of BDMIH under
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different production scenarios in identical parallel machine environments. Table

4.1.2.4 summarizes the average RPD for each level of the five experimental factors for

generating the 243 production scenarios. The results in Table 4.1.2.4 show that

BDMIH has better performance under the following conditions: high number of jobs

(100 jobs), low number of stages (5 stages), low level of range of processing times ([10,

50]), low level of bottleneck positions (first quarter), and high level of workload

difference (2.0). Workload difference is especially a noteworthy factor. The average

RPD value significantly decreases by more than 35% (from 0.9469 to 0.615) when the

workload difference increases from low level (1.1) to medium level (1.5), and further

decreases to 0.3459 when the workload difference increases to 2.0. This result may

reach the conclusion that BDMIH is more effective when the phenomenon of bottleneck

is distinct. However, BDMIH still dominates other heuristics when the workload

difference is low. The average RPD of BDMIH is 0.95 and the average RPDs of NEH

and CDSD are 3.07 and 3.79 respectively. The conclusion base on the results in

experiment is similar to the conclusion in the unrelated parallel machine environments.
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Table 4.1.2.1. Performance Comparisons of the Proposed Heuristics and the Dispatching Rules (in
terms of average RPD, average makespan(AM), and number of best solutions (NBS))

Algorithms AM Average RPD NBS

CDS 10047 5.3100 164

DAN 10552 10.7109 15

CDSD 9926 3.8887 267

NEH 9875 3.3169 370

BDMIH 9634 0.6382 1627

Table 4.1.2.2. Analysis of Variance to Test the Significance of the Algorithms.

Source of variation Degree of freedom Sum of squared error Mean squared error F**

Algorithms 4 134973.99 33743.50 1782.34**

Error 12145 229930.47 18.93

Total 12149 364904.47
**Difference in the effects at significance level 0.01.

Table 4.1.2.3. Results of LSD Test for Bottleneck-based Heuristics.

Algorithms RPD Results* (groups)

BDMIH 0.6382 A

NEH 3.3169 B

CDSD 3.8887 C

CDS 5.3100 D

DAN 10.7109 E
*Statistically significant difference (at the significance level of 0.01) between machine selection rules with
different alphabet letters.
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Table 4.1.2.4. Effect of the Experimental Factors on the BDMIH (in terms of average RPD)

Average RPD

Factors Low Medium High

Number of jobs 0.8088 0.6262 0.4798

Number of stages 0.3378 0.7689 0.8080

Processing time 0.5791 0.6150 0.7206

Workload difference 0.9469 0.6220 0.3459

Position of the bottleneck stage 0.3467 0.4567 1.1114

4.2 Conducting Experiments for Minimizing the Number of Tardy Job Problems

To evaluate the performance of the proposed heuristics, two parts of the

experiments are conducted and analyzed. The first part evaluates the proposed

heuristics in the FFL with unrelated parallel machine environments and the second part

is to evaluate the proposed heuristics in identical parallel machine environments.

4.2.1 Conducting an Experiment for Minimizing the Number of Tardy Job

Problems in Unrelated Parallel Machine Environments

With the six three-level factors considered in Table 4.2, there are a total of 729

production scenarios, and ten test problems are generated for each scenario in the

experiment. Since the previous researches showed different conclusions regarding the

performance of the dispatching rules on FFL problems with due date related objectives,

a pilot experiment with a large number of randomly generated problems is conducted to
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evaluate the effect of all the previous dispatching rules on scheduling jobs at

downstream stages in the proposed bottleneck-based heuristics. Computational results

showed that these dispatching rules have insignificant effect on the proposed heuristics;

however, ATC performed slightly better than the other dispatching rules. Therefore,

ATC was chosen to schedule the jobs at the downstream stages, and two

bottleneck-based heuristics, denoted as BDD+ATC and BODD+ATC, were developed

for the candidate problem. In order to evaluate the proposed heuristics, six dispatching

rules collected from literature will be used for comparison. Therefore, six dispatching

rules and the proposed two heuristics with the three machine selection rules result in 24

algorithms. These algorithms are evaluated on the basis of the relative deviation index

(RDI), the number of cases where each rule found the best solution (NBS), and the

average number of tardy jobs (ATJ). The relative deviation index (RDI) has been used

in several papers such as Lee et al. (2004) and Choi et al. (2005), which is defined as

below:

RDI





 




otherwise.0

0,)(if bw
bw

ba SS
SS
SS

Sa is the solution value obtained by method a, and Sb and Sw are, respectively, the

best and the worst solution values among solutions obtained by all the methods included

in the comparison.
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Priority functions of the six dispatching rules are stated as below:

(1) Shortest Processing Time (SPT)

iji pZ 

(2) Earliest Due Date (EDD)

ii dZ 

(3) Modified Due Date (MDD)

},max{ iii wtdZ 

(4) Combining of the Slack per Remaining Work and the Shortest Processing Time

(S/RPT + SPT)

},/)max{( ijijiiii ppwtwdZ 

(5) Apparent Tardiness Cost (ATC)

ijijijiii ppatppwcdZ /]/})({exp[  

(6) Cost Over Time (COVERT)

  ]/}/)(1[{ ijiiii pwcatwdZ

Table 4.2.1.1 presents the computational results of the 24 algorithms and shows

several noteworthy points. First, the machine selection rules significantly affect the

performance of the dispatching rules and the bottleneck-based heuristics. When the

dispatching rules are used, the average of the average number of tardy jobs produced by

EAAM is 35.91; this number of ECAM and ECALLM is 19.86 and 13.25, respectively.

These numbers show that ECALLM dominates EAAM and ECAM by 63% and 33%,
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respectively. A similar result can be obtained for bottleneck-based heuristics, thus

ECALLM dominates EAAM and ECAM by about 67% and 20%, respectively.

Therefore, we conclude that ECALLM is the machine selection rule that should be

considered for the candidate problem. Second, within each of the machine selection

rules, bottleneck-based heuristics significantly outperform the dispatching rules.

When EAAM is used, the average number of tardy jobs produced by the worst

bottleneck-based heuristic, BODD+ATC, is 25.77, and produced by the best dispatching

rule, S/RPT+SPT, is 30.75; thus BODD+ATC dominates S/RPT+SPT by 16%. This

dominance percentage increases to 45% and 34%, respectively, when ECAM and

ECALLM are used. Also, within each of the machine selection rules, the average

numbers of tardy jobs produced by the bottleneck-based heuristics are very close.

These numbers are all around 26, 9, and 7, respectively, when EAAM, ECAM, and

ECALLM are used. These results reach to following conclusions: the performance of

the two decision rules used to schedule jobs at bottleneck stage is very close, the

bottleneck-based heuristics outperform dispatching rules, and the BODD+ATC with the

ECALLM is the best algorithm.

The results of the average RDI and the NBS in Table 4.2.1.1 strongly support the

previous conclusions. For the dispatching rules, when EAAM is used, the average
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RDIs are all around 0.70 to 0.90. They decrease to around 0.23 to 0.50 when ECAM

is used and further decrease to around 0.11 to 0.33 when ECALLM is used. On the

contrary, when EAAM is used, the NBS are all around 0 to 20, and they increase to

fifteen hundred when ECAM and ECALLM are used. As for bottleneck-based

heuristics, when EAAM is used, the average RDIs are all around 0.53. They

significantly decrease to about 0.04 when ECAM is used and further decrease to about

0.01 when ECALLM is used. The NBS shows the same tendency as that of the

dispatching rules. When EAAM is used, all the NBS are less than or equal to 67.

They significantly increase to over 3,600 when ECAM is used and further increase to

over 5,600 when ECALLM is used. Therefore, we can conclude that ECALLM

significantly dominates ECAM and EAAM for the dispatching rules and

bottleneck-based heuristics. Also, within each of the machine selection rules we can

easily identify that bottleneck-based heuristics significantly dominate dispatching rules.

When EAAM is used, the average RDIs of the dispatching rules are all around 0.70, and

they decrease to around 0.53 when heuristics are used. When ECAM and ECALLM

are used, this comparison is even clearer as the average RDI of the dispatching rules are

about 8 times that of the heuristics, and the NBS of the dispatching rules are about 1/10

that of the heuristics.
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Table 4.2.1.1. Performance Comparisons of the Proposed Heuristics and the Dispatching Rules (in
terms of average RDI, average number of total tardy jobs (ATJ), and number of best solutions (NBS))

ATJ Average RDI (NBS)

Machine selection rules Machine selection rulesAlgorithms

EAAM ECAM ECALLM EAAM ECAM ECALLM

SPT 34.45 24.70 18.38 0.8080 (0) 0.4957 (2) 0.3278 (34)

EDD 40.13 23.22 13.36 0.8949 (20) 0.3835 (475) 0.1818 (1293)

MDD 34.38 15.70 11.05 0.7615 (20) 0.2292 (349) 0.1269 (820)

S/RPT+SPT 30.75 20.39 14.65 0.6966 (11) 0.3684 (38) 0.2256 (148)

ATC 39.10 17.94 10.39 0.8737 (15) 0.2658 (585) 0.1088 (1489)

COVERT 36.66 17.22 11.67 0.8240 (0) 0.2661 (244) 0.1434 (686)

BDD+ATC 25.56 8.48 6.85 0.5253 (58) 0.0412 (3609) 0.0097 (5672)

BODD+ATC 25.77 8.71 6.84 0.5291 (67) 0.0440 (3771) 0.0087 (6016)

Table 4.2.1.2. Analysis of Variance to Test the Significance of the Machine Selection Rules.

Source of variation Degree of freedom Sum of squared error Mean squared error F**

Algorithms 7 2471.71 353.10 11833.54**

Machine selection rules 2 11652.23 5826.11 195251.70**

Error 174950 5220.33 0.03

Total 174959 19344.26
**Difference in the effects at significance level 0.01.

Table 4.2.1.3. Results of LSD Test for Machine Selection Rules.

Machine selection rules RDI Results* (groups)

ECALLM 0.1416 A

ECAM 0.2618 B

EAAM 0.7391 C
*Statistically significant difference (at the significance level of 0.01) between machine selection rules with
different alphabet letters.
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Table 4.2.1.4. Analysis of Variance to Test the Significance of the Algorithms when ECALLM Is Used.

Source of variation Degree of freedom Sum of squared error Mean squared error F**

Algorithms 7 580.87 82.98 6045.19**

Error 58312 800.44 0.01

Total 58319 1381.31
**Difference in the effects at significance level 0.01.

Table 4.2.1.5. Results of LSD test for Bottleneck-based Heuristics.

Algorithms RDI Results* (groups)

BODD+ATC/ECALLM 0.0087 A

BDD+ATC/ECALLM 0.0097 A

ATC/ECALLM 0.1088 B

MDD/ECALLM 0.1269 C

COVERT/ECALLM 0.1434 D

EDD/ECALLM 0.1818 E

S/RPT+SPT/ECALLM 0.2256 F

SPT/ECALLM 0.3278 G
*Statistically significant difference (at the significance level of 0.01) between machine selection rules with
different alphabet letters.

We further applied the analysis of variance (ANOVA) and the LSD test to analyze

the output (the RDI) of 7,290 test problems to confirm the previous conclusions. The

dispatching rules and the bottleneck-based heuristics are grouped into a factor and

denoted as algorithms. Table 4.2.1.2, the ANOVA table, shows that machine selection

rules significantly affect the output of the test problems, and Table 4.2.1.3, the results of

the LSD test, show that ECALLM significantly dominates ECAM and EAAM. Note

that in Table 4.2.1.3, the machine selection rules are sequenced in descending order in
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terms of their average RDI, and the rules with the same letter represent that the

performance of the rules are not significantly different. Then, within each of the

machine selection rules, we applied the analysis of variance and the LSD test to test if

bottleneck-based heuristics significantly outperform the dispatching rules. Since the

test results for the three machine selection rules are about the same, we present only the

results for ECALLM here. Table 4.2.1.4, the ANOVA table, shows that the algorithms

significantly affect the output, and Table 4.2.1.5, the result of the LSD test, shows that

bottleneck-based heuristics significantly dominate dispatching rules, but the

performance of the heuristics are not significantly different.

According to the previous analyses, ECALLM should be the machine selection

rule chosen to work with bottleneck-based heuristics for the candidate problem.

Although the performance of bottleneck-based heuristics is very close when ECALLM

is used, all three criteria in Table 4.2.1.1 show that BODD+ATC is slightly better than

the other heuristics. Therefore, it is concluded that BODD+ATC working with

ECALLM is the best heuristic for the candidate problem, and it is denoted as

BODD+ATC/ECALLM. We further study the performance of BODD+ATC/ECALLM

under different production scenarios. Table 4.2.1.6 summarizes the average RDI for

each level of the six experimental factors for generating the 729 production scenarios.
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The first two factors, the number of jobs and the number of stages, are in relation to the

problem size of the test problems. For each of these two factors, the average RDI

values of the three levels are all within 0.0076 to 0.0099, so we conclude that the

relative performance of BODD+ATC/ECALLM is quite robust compared to the

problem size. The next two factors are the variation of job processing time and the

tightness of job due dates. Note that three different ranges are used in discrete uniform

distribution to generate job's processing times. The average RDIs of the three ranges

are within 0.0084 to 0.0095, so we conclude that the relative performance of

BODD+ATC/ECALLM is insensitive to the variation of job processing time. As for

the range of the distribution for due date generation, the low level stands for tight range,

and the high level stands for loose range. The average RDI increases to 0.0148 when

the due date range is tight (low level). We calculated the average RDI and NBS of all

the bottleneck-based heuristics and dispatching rules at each level and found that when

the due date range tightens, the NBS of BODD+ATC/ECALLM decreases and causes

the increase of its average RDI. However, this is a phenomenon for all heuristics and

dispatching rules. The relative performance of dispatching rules gets even worse when

due date range gets tighter. When the range is tight, the average RDI of the

best-performance dispatching rule, ATC/ECALLM, is 0.1717.
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The last two factors, the workload difference and the position of the bottleneck

stage, are in relation to the bottleneck stage. The average RDI of the workload

difference shows that the relative performance of BODD+ATC/ECALLM improves

when the workload difference increases. The average RDI decreases from 0.0126 to

0.0053 when the workload difference increases from 1.1 (low level) to 2.0 (high level).

This result shows that BODD+ATC/ECALLM is more effective for problems with

higher distinct bottleneck phenomenon. However, it still performs well even when the

bottleneck phenomenon is not distinct. We calculated the average RDI for

ATC/ECALLM under the conditions where the workload difference is 1.1 and found

that the average RDI is 0.1397. This value is obviously much worse than that of

BODD+ATC/ECALLM. Also, the average RDI shows that the relative performance

of BODD+ATC/ECALLM improves when the bottleneck stage is placed further back in

the flow line. The average RDI decreases from 0.0131 to 0.0047 when the position of

the bottleneck stage moves from the first quarter of the line (low level) to the third

quarter of the line (high level).

Finally, we take into consideration the efficiency of bottleneck-based heuristics.

All heuristics are coded in the C++ language, and all experiments are performed on a

PC with Pentium 4, 2.4 GHz CPU and 512 MB RAM. Table 4.2.1.7 displays the
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average computation time (in sec.) required for BODD+ATC/ECALLM to solve a

problem. The results indicate that the average CPU time for BODD+ATC/ECALLM

to solve a 100-job problem is less than 0.3 seconds, which is fast enough for it to be

used in practice. For time complexity analysis of dispatching rule, the dispatching rule

needs to use a sorting routine to obtain the initial sequence and if a selection sort is used,

the time complexity is )( 2nO . For time complexity analysis of the proposed

heuristics, in order to obtain the chosen job within each iteration, Step 3 of the proposed

procedure (BDD) needs to simulate all unscheduled jobs and it must perform




n

i
Jin

1][
])1][[( calculations to obtain the chosen job and the time complexity is

)( 2 JnO .

Table 4.2.1.6. Effect of the Experimental Factors on the BODD+ATC/ECALLM (in terms of average
RDI)

Average RDI

Factors Low Medium High

Number of jobs 0.0076 0.0087 0.0099

Number of stages 0.0090 0.0084 0.0087

Processing time 0.0084 0.0083 0.0095

Due date tightness 0.0148 0.0060 0.0054

Workload difference 0.0126 0.0083 0.0053

Position of the bottleneck stage 0.0131 0.0083 0.0047
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Table 4.2.1.7. Average Computational Time Required for the Heuristics

CPU times (s)

Number of jobs Number of stages

Heuristics Low Medium High Low Medium High
Overall

ATC/ECALLM 0.0102 0.0167 0.0358 0.0107 0.0209 0.0311 0.0209

BODD+ATC/ECALLM 0.0286 0.0658 0.2852 0.0715 0.1286 0.1795 0.1265

4.2.2 Conducting an Experiment for Minimizing the Number of Tardy Job

Problems in Identical Parallel Machine Environments

This experiment uses the same problems conducted in the experiment for

minimizing the number of tardy job problems in unrelated parallel machine

environments. There are a total of 729 production scenarios, and ten test problems are

generated for each scenario in the experiment. In order to evaluate the proposed

heuristics, six dispatching rules collected from literature will be used for comparison.

Therefore, six dispatching rules and the proposed two heuristics with the EAAM

machine selection rule result in 8 algorithms. These algorithms are evaluated on the

basis of the relative deviation index (RDI), the number of cases where each rule finds

the best solution (NBS), and the average number of tardy jobs (ATJ).

Table 4.2.2.1 presents the computational results of the 8 algorithms and shows

several noteworthy points. First, bottleneck-based heuristics significantly outperform
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the dispatching rules. The average number of tardy jobs produced by the worst

bottleneck-based heuristic, BDD+ATC, is 22.78, and produced by the best dispatching

rule, MDD, is 31.60, thus BDD+ATC dominates MDD by 28%. These results reach

the following conclusions; that the bottleneck-based heuristics outperform the

dispatching rules and BODD+ATC is the best heuristic.

The results of the average RDI and the NBS in Table 4.2.2.1 strongly support the

previous conclusions. For the dispatching rules, the average RDIs are all around 0.4 to

0.9 and the NBS are around 120 to 460. As for bottleneck-based heuristics, the

average RDIs are around 0.01 to 0.03 and the NBS are around 4,700 to 6,600. It is

observed that bottleneck-based heuristics perform more effectively in terms of RDI and

NBS than the dispatching rules in regard to all problems. The BODD+ATC can find

around 95% of the best solutions ((7290-6596)/7290).

We further applied the analysis of variance (ANOVA) and the LSD test to analyze

the output (RDI) of the 7290 test problems to confirm the previous conclusions. The

dispatching rules and the bottleneck-based heuristics are grouped into a factor and

denoted as algorithms. Table 4.2.2.2, the ANOVA table, shows that the algorithms

significantly affect the output, and the results in Table 4.2.2.3 show that the

bottleneck-based heuristics significantly dominate the dispatching rules and
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BODD+ATC is the best algorithm. Note that in Table 4.2.2.3, the algorithms are

sequenced in descending order in terms of their average RDI, and the rules with the

same letter represent that the performance of the rules is not significantly different.

Table 4.2.2.1. Performance Comparisons of the Proposed Heuristics and the Dispatching rules (in terms
of average RDI, average number of total tardy jobs (ATJ), and number of best solutions (NBS))

Algorithms ATJ Average RDI NBS

SPT 34.68 0.5888 127

EDD 42.79 0.8892 147

MDD 31.60 0.4042 459

S/RPT+SPT 31.80 0.4682 168

ATC 41.80 0.8573 183

COVERT 37.46 0.6324 226

BDD+ATC 22.78 0.0290 4778

BODD+ATC 22.35 0.0090 6596

Table 4.2.2.2. Analysis of Variance to Test the Significance of the Algorithms.

Source of variation Degree of freedom Sum of squared error Mean squared error F**

Algorithms 7 5655.95 807.99 19788.96**

Error 58312 2380.91 0.04

Total 58319 8036.86
**Difference in the effects at significance level 0.01.



68

Due to BODD+ATC being the best heuristic for the candidate problem, we further

studied the performance of BODD+ATC under different production scenarios. Table

4.2.2.4 summarizes the average RDI for each level of the six experimental factors for

generating the 729 production scenarios. The first two factors, the number of jobs and

the number of stages, are in relation to the problem size of the test problems. For each

of these two factors, the average RDI values of the three levels are all within 0.0067 to

0.0107, so we conclude that the relative performance of BODD+ATC is quite robust in

proportion to problem size. The next two factors are the variation of job processing

time and the tightness of job due date. Note that three different ranges are used in

discrete uniform distribution to generate job's processing times. The average RDIs of

the three ranges are within 0.0082 to 0.0095, so we conclude that the relative

performance of BODD+ATC to be insensitive to the variations of job processing times.

As for the range of the distribution for due date generation, the low level stands for tight

range, and the high level stands for loose range. The average RDI increases to 0.0148

when the due date range is tight (the low level). We calculated the average RDI and

NBS of all the bottleneck-based heuristics and the dispatching rules at each level and

found that when the due date range is getting tighter, the NBS of BODD+ATC

decreases and causes an increase of its average RDI. However, this is the phenomenon
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for all heuristics and dispatching rules. The relative performance of dispatching rules

gets even worse when due date ranges get tighter. When the range is tight, the average

RDI of the best-performance dispatching rule, MDD, is 0.4812.

Table 4.2.2.3. Results of LSD Test for Bottleneck-based Heuristics.

Algorithms RDI Results* (groups)

BODD+ATC 0.0090 A

BDD+ATC 0.0290 B

MDD 0.4042 C

S/RPT+SPT 0.4682 D

SPT 0.5888 E

COVERT 0.6324 F

ATC 0.8573 G

EDD 0.8892 H
*Statistically significant difference (at the significance level of 0.01) between machine selection rules with
different alphabet letters.

Table 4.2.2.4. Effect of the Experimental Factors on the BODD (in terms of average RDI)

Average RDI

Factors Low Medium High

Number of jobs 0.0107 0.0067 0.0096

Number of stages 0.0080 0.0086 0.0103

Processing time 0.0082 0.0095 0.0092

Due date tightness 0.0148 0.0052 0.0070

Workload difference 0.0137 0.0078 0.0055

Position of the bottleneck stage 0.0090 0.0093 0.0086



70

The last two factors, the workload difference and the position of the bottleneck

stage, are in relation to the bottleneck stage. The average RDI of the workload

difference shows that the relative performance of BODD+ATC improves when the

workload difference increases. The average RDI decreases from 0.0137 to 0.0055

when the workload difference increases from 1.1 (low level) to 2.0 (high level). This

result shows that BODD+ATC is more effective for problems with higher distinct

bottleneck phenomenon. However, it still performs well even when the bottleneck

phenomenon is not distinct. We calculated the average RDI for MDD rule under the

condition that workload difference is 1.1 and found that the average RDI is 0.4473.

This value is obviously much worse than that of BODD+ATC. Also, the average RDI

shows that the relative performance of BODD+ATC improves when the bottleneck

stage is placed further back in the flow line.

4.3 Conducting an Experiment for Minimizing Total Tardiness Problems

To evaluate the performance of the proposed bottleneck-based heuristic, two parts

of the experiments are conducted and analyzed. The first part evaluates the proposed

heuristic in the FFL with unrelated parallel machines environments and the second part

is to evaluate the proposed heuristic in identical parallel machines environments.
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4.3.1 Conducting an Experiment for Minimizing Total Tardiness Problems in

Unrelated Parallel Machine Environments

With the six three-level factors considered in Table 4.2, there are a total of 729

production scenarios, and ten test problems are generated for each scenario in the

experiment. In order to evaluate the proposed heuristic, six well-known dispatching

rules (SPT, EDD, MDD, S/RPT+SPT, ATC, and COVERT) collected from literature

will be used for comparison. In addition, the proposed heuristic considered in this

study belongs to the classification of solution construction phase, the standard multiple

insertion heuristic (SMIH) is also adopted for comparison. The job selection step of

the standard multiple insertion heuristic will use the earliest due date (EDD) rule to

construct the order sequence. Therefore, eight algorithms (six dispatching rules,

SMIH, and BDAMIH) with three machine selection rules result in 24 algorithms.

These algorithms are evaluated on the basis of the relative deviation index (RDI), the

number of best solutions produced (NBS), and average total tardiness (ATT).

Table 4.3.1.1 presents the computational results of the 24 algorithms and shows

several noteworthy points. First, the machine selection rules significantly affect the

performance of the dispatching rules, SMIH, and BDAMIH. When dispatching rules

are used, the average total tardiness produced by EAAM is 105,837; the results of
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ECAM and ECALLM are 38,073 and 18,854, respectively. These numbers show that

ECALLM dominates EAAM and ECAM by 82% and 50%, respectively. When SMIH

is used, ECALLM dominates EAAM and ECAM by about 84% and 35%, respectively.

A similar result can be obtained for BDAMIH; ECALLM dominates EAAM and

ECAM by about 89% and 28%, respectively. Therefore, we conclude that ECALLM

is the machine selection rule that should be considered for the candidate problem.

Second, within each of the machine selection rules, BDAMIH significantly outperforms

the dispatching rules and SMIH. When EAAM is used, the average total tardiness

produced by the bottleneck-based heuristic, BDAMIH is 74,137, when produced by the

best dispatching rule, ATC is 93,652, and produced by SMIH total tardiness is 80,937,

thus BDAMIH dominates ATC by 20.8% and BDAMIH dominates SMIH by 8.4%.

When ECAM is used, the average total tardiness produced by the bottleneck-based

heuristic, BDAMIH is 10,878, when produced by the best dispatching rule, EDD is

19,673, and when produced by SMIH, total tardiness is 13,062, thus BDAMIH

dominates EDD by 44.7% and BDAMIH dominates SMIH by 16.7%. When

ECALLM is used, the average total tardiness produced by the bottleneck-based

heuristic BDAMIH is 7,860, when produced by the best dispatching rule, EDD is 9,147,

and when produced by SMIH, total tardiness is 8,440, thus BDAMIH dominates EDD
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by 14.1% and BDAMIH dominates SMIH by 6.9%. These results reach the following

conclusions, that BDAMIH outperforms well-known dispatching rules and SMIH and

BDAMIH is the best algorithm when the ECALLM machine selection rule is used.

Table 4.3.1.1. Performance Comparisons of the Proposed Heuristics, the Dispatching rules, and the
SMIH (in terms of average RDI, average total tardiness (ATT), and number of best solutions (NBS))

ATT Average RDI (NBS)

Machine selection rules Machine selection rulesAlgorithms

EAAM ECAM ECALLM EAAM ECAM ECALLM

SPT 136235 67128 34336 0.9697 (0) 0.4567 (0) 0.2257 (0)

EDD 100348 19673 9147 0.6533 (8) 0.081 (303) 0.0166 (1154)

MDD 95131 29972 15600 0.6278 (7) 0.1485 (143) 0.0595 (321)

S/RPT+SPT 114331 49222 23773 0.7862 (4) 0.3034 (22) 0.1321 (56)

ATC 93652 29733 14229 0.6166 (7) 0.1485 (156) 0.0524 (338)

COVERT 95323 32711 16042 0.6309 (5) 0.1709 (92) 0.0662 (209)

SMIH 80937 13062 8440 0.5107 (26) 0.0383 (794) 0.0103 (2225)

BDAMIH 74137 10878 7860 0.4593 (38) 0.0217 (1197) 0.0031 (4687)

Table 4.3.1.2. Analysis of Variance to Test the Significance of the Machine Selection Rules.

Source of variation Degree of freedom Sum of squared error Mean squared error F**

Algorithms 7 2411.46 344.49 12003.22**

Machine selection rules 2 11458.34 5729.17 199621.74**

Error 174950 5021.09 0.03

Total 174959 18890.89
**Difference in the effects at significance level 0.01.
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Table 4.3.1.3. Results of LSD Test for Machine Selection Rules.

Machine selection rules RDI Results* (groups)

ECALLM 0.0707 A

ECAM 0.1711 B

EAAM 0.6568 C
*Statistically significant difference (at the significance level of 0.01) between machine selection rules with
different alphabet letters.

Table 4.3.1.4. Analysis of Variance to Test the Significance of the Algorithms when ECALLM Is Used.

Source of variation Degree of freedom Sum of squared error Mean squared error F**

Algorithms 7 287.42 41.06 9518.40**

Error 58312 251.54 0.004

Total 58319 538.96
**Difference in the effects at significance level 0.01.

Table 4.3.1.5. Results of LSD Test for Bottleneck-based Heuristics.

Algorithms RDI Results* (groups)

BDAMIH/ECALLM 0.0031 A

SMIH/ECALLM 0.0103 B

EDD/ECALLM 0.0166 C

ATC/ECALLM 0.0524 D

MDD/ECALLM 0.0595 E

COVERT/ECALLM 0.0662 F

S/RPT+SPT/ECALLM 0.1321 G

SPT/ECALLM 0.2257 H
*Statistically significant difference (at the significance level of 0.01) between machine selection rules with
different alphabet letters.

The results of the average RDI and the NBS in Table 4.3.1.1 strongly support the

previous conclusions. For dispatching rules, when EAAM is used, the average RDIs
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are all around 0.62 to 0.97. They decrease to around 0.08 to 0.46 when ECAM is used

and further decrease to around 0.02 to 0.23 when ECALLM is used. For SMIH, when

EAAM is used, RDI is around 0.51. It decreases to around 0.04 when ECAM is used

and further decreases to around 0.01 when ECALLM is used. On the contrary, for

dispatching rules, when EAAM is used, the NBS are all around 0 to 8, they increase to

three hundred when ECAM is used, and they further increase to twelve hundred when

ECALLM is used. For SMIH, when EAAM is used, the NBS is 26, and it increase to

around three hundred when ECAM is used and it further increases to around twenty-two

hundred when ECALLM is used. As for BDAMIH, when EAAM is used, the average

RDI is around 0.46. It significantly decreases to about 0.02 when ECAM is used and

further decreases to about 0.003 when ECALLM is used. The NBS shows the same

tendency as that of the dispatching rules and SMIH. When EAAM is used, the NBS

produced by BDAMIH is 38. It significantly increases to over 1,100 when ECAM is

used and further increases to over 4,600 when ECALLM is used. Therefore, we can

conclude that ECALLM significantly dominates ECAM and EAAM for the dispatching

rules, SMIH, and BDAMIH. Also, within each of the machine selection rules we can

easily identify that BDAMIH significantly dominates dispatching rules and SMIH.



76

We further applied the analysis of variance (ANOVA) and the LSD test to analyze

the output (RDI) of the 7,290 test problems to confirm the previous conclusions. The

dispatching rules, SMIH and BDAMIH are grouped into a factor and denoted as

algorithms. Table 4.3.1.2, the ANOVA table, shows that machine selection rules

significantly affect the output of the test problems, and Table 4.3.1.3, the results of the

LSD test, shows that ECALLM significantly dominates ECAM and EAAM. Note that

in Table 4.3.1.3, the machine selection rules are sequenced in descending order in terms

of their average RDI, and the rules with the same letter represent that the performance

of the rules is not significantly different. Then, within each of the machine selection

rules, we applied the analysis of variance and the LSD test to test if BDAMIH

significantly outperforms dispatching rules and SMIH. Since the test results for the

three machine selection rules are about the same, we present only the results for

ECALLM here. Table 4.3.1.4, the ANOVA table, shows that the algorithms

significantly affect output, and Table 4.3.1.5, the result of the LSD test, shows that

BDAMIH significantly dominates dispatching rules and SMIH
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Table 4.3.1.6. Effect of Experimental Factors on BDAMIH/ECALLM (in terms of average RDI)

Average RDI

Factors Low Medium High

Number of jobs 0.0040 0.0034 0.0019

Number of stages 0.0027 0.0032 0.0034

Processing time 0.0017 0.0031 0.0044

Due date tightness 0.0042 0.0027 0.0024

Workload difference 0.0045 0.0028 0.0020

Position of the bottleneck stage 0.0011 0.0032 0.0050

According to the previous analyses, ECALLM should be the machine selection

rule chosen to work with the bottleneck-based heuristic for the candidate problem. All

three criteria in Table 4.3.1.1 show that it is slightly better than the other heuristics.

Therefore, it is concluded that BDAMIH working with ECALLM is the best heuristic

for the candidate problem, and it is denoted as BDAMIH/ECALLM. We further study

the performance of BDAMIH/ECALLM under different production scenarios. Table

4.3.1.6 summarizes the average RDI for each level of the six experimental factors for

generating 729 production scenarios. The results in Table 4.3.1.6 show that BDAMIH

has better performance under the following conditions; high number of jobs (100 jobs),

low number of stages (5 stages), low level range of processing times ([10, 50]), high

level range of due dates (loose), low level bottleneck positions (first quarter), and high

level workload difference (2.0). We especially discuss two noteworthy factors, due

date tightness and workload difference. As for the range of the distribution for due
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date generation, the low level represents tight range, and high level represents loose

range. The average RDI of the proposed heuristic increases to 0.0042 when the due

date range is tight (low level). We calculated the average RDI and NBS of BDAMIH,

SMIH, and dispatching rules at each level and found that when the due date range gets

tighter, the NBS values of SMIH and dispatching rules decrease and the average RDI

values of SMIH and dispatching rules increase. The average RDI of SMIH increases

from 0.0086 to 0.0148 when the due date range is from medium to tight and the average

RDI of the best dispatching rule, EDD, increases from 0.012 to 0.0275 when the due

date range is from medium to tight. We can conclude that the results of all algorithms

show the same tendency. However, the proposed heuristic is more robust whether the

due date range is tight or loose. For the workload difference factor, the average RDI

value of BDAMIH significantly decreases by more than 38% (from 0.0045 to 0.0028)

when the workload difference increases from low level (1.1) to medium level (1.5), and

further decreases to 0.002 when the workload difference increases to 2.0. This result

may reach the conclusion that BDAMIH is more effective when the phenomenon of

bottleneck is distinct. However, BDAMIH still dominates other algorithms when the

workload difference is low. The average RDI of BDMIH is 0.0045 and the average

RDIs of EDD and SMIH are 0.0198 and 0.0104 respectively.
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Finally, we take into consideration the efficiency of BDAMIH. All heuristics are

coded in the C++ language, and all experiments are performed on a PC with Intel Xeon,

3.2 GHz CPU and 4 GB RAM. Table 4.3.1.7 displays the average computation time

(in sec.) required for BDAMIH/ECALLM to solve a problem. The results indicate that

the average CPU time for BDAMIH/ECALLM to solve a 100-job problem is less than 7

seconds, which is fast enough for it to be used in practice. For time complexity

analysis of BDAMIH, BDAMIH requires )}][]([])1][{[(
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. Therefore, overall complexity of SMIH is

)()( 332 JnOJnJnO  . Although, the efficiency of BDAMIH is almost equivalent

to SMIH, the effectiveness of BDAMIH dominates SMIH.

Table 4.3.1.7. Average Computational Time Required for the Heuristics

CPU times (s)

Number of jobs Number of stages

Heuristics Low Medium High Low Medium High
Overall

EDD/ECALLM 0.0051 0.0083 0.0171 0.0047 0.0086 0.0172 0.0102

SMIH/ECALLM 0.1231 0.6328 7.0739 1.1468 2.2471 4.4359 2.6099

BDAMIH/ECALLM 0.1300 0.6512 6.9453 1.0855 2.2048 4.4363 2.5755
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4.3.2 Conducting an Experiment for Minimizing Total Tardiness Problems in

Identical Parallel Machine Environments

This experiment uses the same problems conducted in the experiment for

minimizing the total tardiness problems in unrelated parallel machine environments.

There are a total of 729 production scenarios, and ten test problems are generated for

each scenario in the experiment. In order to evaluate BDAMIH, the six dispatching

rules (SPT, EDD, MDD, S/RPT+SPT, ATC, and COVERT) and standard multiple

insertion heuristic (SMIH) are used for comparison. Therefore, six dispatching rules,

SMIH, and BDAMIH with the EAAM machine selection rule result in 8 algorithms.

These algorithms are evaluated on the basis of the relative deviation index (RDI), the

number of cases where each rule found the best solution (NBS), and the average total

tardiness (ATT).

Table 4.3.2.1 presents the computational results of the 8 algorithms and shows

several noteworthy points. First, BDAMIH significantly outperforms dispatching rules

and SMIH. The average total tardiness produced by the bottleneck-based heuristic

BDAMIH, is 94,787, and when produced by the best dispatching rule, ATC is 98,509,

thus BDAMIH dominates ATC by 3.8%. These results reach one conclusion, that

BDAMIH outperforms dispatching rules and SMIH.
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The results of the average RDI and the NBS in Table 4.3.2.1 strongly support the

previous conclusions. For the dispatching rules, the average RDIs are all around 0.17

to 0.84 and the NBS are around 25 to 850. As for BDAMIH, the average RDI is

around 0.05 and the NBS is around 4,100. It is observed that BDAMIH performs

more effectively in terms of RDI and NBS than dispatching rules and SMIH in regard to

all problems.

We further applied the analysis of variance (ANOVA) and the LSD test to analyze

the output (RDI) of the 7,290 test problems to confirm the previous conclusions. Table

4.3.2.2, the ANOVA table, shows that the algorithms significantly affect output. The

dispatching rules, SMIH and BDAMIH are grouped into a factor and denoted as

algorithms. Note that in Table 4.3.2.3, the algorithms are sequenced in descending

order in terms of their average RDI, and the rules with the same letter represent that the

performance of the rules is not significantly different. The results in Table 4.3.2.3, the

result of the LSD test, shows that BDAMIH significantly dominates dispatching rules

and SMIH.

Table 4.3.2.4 summarizes the average RDI for each level of the six experimental

factors for generating the 729 production scenarios. The results in Table 4.3.2.4 show

that BDAMIH has better performance under the following conditions: high number of
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jobs (100 jobs), low number of stages (5 stages), low level range of processing times

([10, 50]), high level range of due dates (loose), low level bottleneck positions (first

quarter), and high level workload difference (2.0). We especially discuss two

noteworthy factors: due date tightness and workload difference. As for the range of

the distribution for due date generation, low level represents the tight range, and the

high level represents the loose range. The average RDI of BDAMIH increases to

0.0622 when the due date range is tight (low level). We calculated the average RDI

and NBS of the BDAMIH, SMIH, and dispatching rules at each level and found that

when the due date range gets tighter, the NBS values of SMIH and dispatching rules

decrease and the average RDI values of SMIH and dispatching rules increase. The

average RDI of SMIH increases from 0.115 to 0.178 when the due date range is from

medium to tight and the average RDI of the best dispatching rule, ATC, increases from

0.164 to 0.259 when the due date range is from medium to tight. We can conclude that

the results of all algorithms show the same tendency. However, the proposed heuristic

is more robust whether the due date range is tight or loose. For the workload

difference factor, the average RDI value of BDAMIH significantly decreases by more

than 47% (from 0.0844 to 0.0447) when the workload difference increases from low

level (1.1) to medium level (1.5), and further decreases to 0.0214 when the workload
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difference increases to 2.0. This result may reach the conclusion that BDAMIH is

more effective when the phenomenon of bottleneck is distinct. However, BDAMIH

still dominates the other algorithms when the workload difference is low. The average

RDI of BDMIH is 0.0844 and the average RDIs of ATC and SMIH are 0.2027 and

0.0997 respectively.

Table 4.3.2.1. Performance Comparisons of the Proposed Heuristics and the Dispatching Rules (in
terms of average RDI, average total tardiness (ATT), and number of best solutions (NBS))

Algorithms ATT Average RDI NBS

SPT 134073 0.8447 26

EDD 113708 0.5082 145

MDD 101974 0.2496 517

S/RPT+SPT 118339 0.6246 28

ATC 98509 0.1672 841

COVERT 101635 0.2627 166

SMIH 97235 0.1233 1601

BDAMIH 94787 0.0501 4098

Table 4.3.2.2. Analysis of Variance to Test the Significance of the Algorithms.

Source of variation Degree of freedom Sum of squared error Mean squared error F**

Algorithms 7 3918.38 559.77 9580.5**

Error 58312 3407.05 0.06

Total 58319 7325.43
**Difference in the effects at significance level 0.01.
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Table 4.3.2.3. Results of LSD Test for Bottleneck-based Heuristics.

Algorithms RDI Results* (groups)

BDAMIH 0.0501 A

SMIH 0.1233 B

ATC 0.1672 C

MDD 0.2496 D

COVERT 0.2627 E

EDD 0.5082 F

S/RPT+SPT 0.6246 G

SPT 0.8447 H
*Statistically significant difference (at the significance level of 0.01) between machine selection rules with
different alphabet letters.

Table 4.3.2.4. Effect of the Experimental Factors on the BDAMIH (in terms of average RDI)

Average RDI

Factors Low Medium High

Number of jobs 0.0651 0.0509 0.0344

Number of stages 0.0286 0.0510 0.0708

Processing time 0.0359 0.0475 0.0671

Due date tightness 0.0622 0.0596 0.0285

Workload difference 0.0844 0.0447 0.0214

Position of the bottleneck stage 0.0135 0.0451 0.0918


