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CHAPTER I 

INTRODUCTION 

1.1 Definition of the Scheduling Problem 

Machine scheduling is an area that has attracted much 

research over the years. This interest is due to its wide 

scope of application in varied fields such as manufacturing, 

logistics, computer architecture, communications, etc. 

(Blazewicz et al., 1991). 

Sequencing problem is the problem of 
defining order (rank, priority, etc.) in which 
the resources (machines, processors, etc.) are 
applied to tasks (jobs) as they proceed from one 
machine to another or over the same processor. 
Thus the sequencing problem involves the 
determination of the relative position of a job 
with respect to all other jobs. (Elmaghraby, 
1968, p. 205) 

Scheduling is "the art of assigning resources to tasks 

in order to insure termination of these tasks in reasonable 

amount of time" (Dempster et al., 1984, p. 3). 

By these definitions, it is clear that in scheduling, 

not only sequence but also the amount of work completed 

during a given time period is important. Sequencing is only 

a part of the overall scheduling problem and takes care of 

the order in which jobs are processed. Time is a measure of 

performance of scheduling efficiency and also a constraint 

in the scheduling problem. Performance of a schedule is 

measured in terms of time units or a function (penalty 

function) that is time dependent. 
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The scheduling problems, generally, are divided into 

different categories based on the information about one or 

more of the following: 

1. Number of machines: Normally a distinction is made 

between single processor (machine) and multi-processor 

scheduling. 

2. Type of flow: Based on the flow pattern of each job, 

flow-shop or job-shop scheduling problems occur commonly 

on the shop floor. 

3. Type of job arrivals: A fixed and finite number of jobs 

are simultaneously available or the jobs arrive over 

time. 

4. Type of information: The information on the job 

processing times and other parameters can be either 

deterministic or probabilistic, giving rise to 

deterministic or stochastic scheduling problems. 

1. 2 ET Scheduling 

Traditionally, in scheduling (see Figure 1.1 for types 

of scheduling measures), the objective has been to optimize 

some performance measures such as make span, total idle 

time, mean flow time, mean lateness, percentage of jobs 

tardy, and mean tardiness. An overwhelming amount of 

literature published considers this type of measures. These 

performance measures, in the literature, are referred to as 

regular performance measures. The regular performance 
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measures have a property that they are non decreasing in job 

completion times, i.e., these measures increase or remain 

same as the job completion times increase. 

Scheduling Problem 

Regular Measures 

Mean Flowtime 
Non-regular Measures 
ET-Penalty 

Figure 1.1 
Types of Performance Measures 

However, with the advent and subsequent growing 

popularity of the concept of Just-In-Time (JIT) 

manufacturing philosophy, this emphasis has changed. The 

JIT can be defined as producing the right amount of 

products, at the right place and on the right time. 

In an ideal JIT environment, jobs are scheduled to 

complete right on time. High inventories as well as not 

meeting the due dates are discouraged. 

The underlying notion for this concept of penalizing 

jobs not meeting their due dates is, if a job completes 

before it is due, it has to be held in inventory and incurs 

holding costs. At the same time, if a job completes after 

it was due, it may cause the customer to shut down his 

operations. If the customer is internal, this may cause 

disruption in the flow of operations and may result in 

reduced profitability. In case of an external customer, the 
3 



company loses the customer goodwill or may have to use 

expensive delivery methods to meet the customer due date. 

These practices may not be good for a company's striving to 

stay ahead in the market. Therefore, an ideal schedule is 

one in which all jobs complete exactly when they are due. 

This philosophy of penalizing jobs for missing their 

due dates gives rise to many nonregular scheduling functions 

or objectives that are broadly classified as Earliness

Tardiness (ET) scheduling problems. The most common of 

these objectives is to minimize the deviation of job 

completion times around their due dates. The quantitative 

criterion to measure this objective is minimizing total 

penalty incurred by the jobs for deviating from their due 

dates, called Earliness-Tardiness {ET) penalty. 

1.3 Single Machine Scheduling 

Most of the research in ET scheduling deals with single 

machine problems. In single machine scheduling, there are n 

jobs to be scheduled on one machine or processor. 

Single machine or processor scheduling sounds trivial 

at first, but it is very important at least for the 

following reasons. 

1. Many complete systems can be modeled as a single 

processor systems. The examples are paint 

manufacturing, canning and bottling processes and data 

processing systems (Tilak, 1974). 
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2. Single machine scheduling helps to gain insight into the 

nature of the scheduling function. 

3. The structure of the obtained solutions can sometimes 

help in analyzing the multi-machine problems. 

1.4 Common Due Date Scheduling 

The problem of scheduling jobs on a single machine or 

processor has been treated in different ways depending on 

the assumptions made about the due dates and penalties. The 

most common assumption is treating all due dates as the same 

or all jobs considered to have the same due date. This 

assumption is justified for the following scenarios. 

1. All jobs belong to or originate from the same customer 

(Hall, 1986). The customer wants all jobs to be 

delivered together to make delivery simple and less 

expensive. This also makes transportation and control 

simple for the manufacturer. 

2. All jobs go into the same assembly (Kanet, 1981). If 

the jobs to be scheduled are parts that go into the same 

assembly, it is economical to produce them together so 

that they do not incur any holding costs and at the same 

time the assembly operation can be completed smoothly. 

There are two cases of common due date that occur in 

scheduling problems: 

1. Due date is a decision variable in the problem as no 

hard due date is specified by the customer. In this 
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case, we need to find the optimal due date along with 

the sequence. 

2. Due date is a given parameter in the problem. This case 

arises when the customer specifies the due date and 

hence the production department can not modify it once a 

due date is agreed upon. 

Still a due date that is a given parameter, can be 

further divided into two: 

1. Unrestrictive Due Date: Here, the due date is large 

enough so as not to constrain the schedule. That is 

there is enough space to sequence all early jobs before 

the due date. 

2. Restrictive Due Date: In this case, the due date is so 

small that it constrains the schedule, i.e., there is 

not enough room to sequence all the early jobs before 

the due date. 

In the general weighted problem, if the due date is a 

given constant in the problem, there is no mathematical 

formula to determine whether it is restrictive or not. The 

problem needs to be solved, assuming due date is 

unrestrictive, before we can make a decision about the due 

date. This restriction makes solving or developing a good 

solution methodology for the unrestrictive due date doubly 

important. 

The general weighted problem of scheduling jobs on a 

single machine with all the jobs having the same due date is 
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Non-deterministic Polynomial Time Complete(NP-Complete) or 

mathematically intractable (for theory of NP-Completeness, 

see Garey and Johnson, 1979). Some special cases of this 

problem can be solved in polynomial time while some others 

are solved in pseudo-polynomial time using dynamic 

programming. The only optimal solution procedure that 

exists for the generated weighted case is the branching 

procedure. This method, however, requires prohibitively 

high computer times for even moderate size problems. 

1.5 Justification for this Research 

With the development of Johnson's algorithm for 

scheduling, the researchers tried to come up with optimal 

solutions for every conceivable problem. Most of the 

problems, unfortunately, are very hard to solve this way. 

Lately, heuristic methods gained acceptance due to the 

difficulty, both computationally and conceptually, of 

finding the optimal solutions. Moreover, a quick and 

reasonably good solution has more practical relevance than 

time-consuming optimal algorithms. 

In this research, an optimization technique that can be 

used for a wide range of combinatorial optimization 

problems, is adapted to solve this scheduling problem. 

This method will not be trapped at a local optimum, 

like the only existing heuristic for this problem, but has 

the ability to get around these local extreme points. 
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Another justification for this solution procedure is 

its proven record in finding good solutions for various 

optimization problems. The closest being application of 

this technique to a special case of this problem (when a 

restriction is imposed on job weights) . 

1.6 Purpose of this Research 

The purpose of this research is to study the problem of 

single machine scheduling with general weights and common 

due date and develop a good and quick solution procedure. 

In this research, we propose to develop a solution 

procedure for single machine problems with general or 

arbitrary weights (weights are job dependent and also depend 

on whether a job is early or tardy) using simulated 

annealing, when the due date is not unrestrictive. 

The motivation for this study is the importance of 

developing a good solution methodology that runs in 

polynomial time and the obvious limitations of the existing 

heuristic (see Dileepan, 1993 for the heuristic) . 

The objectives of this research are stated below: 

1. Investigate the previous work done in this area to shed 

light on the importance of this problem. 

2. Determine the optimal annealing parameters for the 

algorithm. 

3. Develop a neighborhood generation procedure that gives 

the program an ability to evaluate quickly all the 
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possibilities that may move the solution toward global 

minimum. 

4. Compare the developed algorithm with the existing 

heuristic. 

5. Evaluate the sensitivity of the developed solution to 

different starting solutions. 

1.7 Outline of Succeeding Chapters 

The remainder of this thesis is organized in the 

following way. The Chapter II gives a formal statement of 

the problem along with the assumptions made and properties 

of an optimal solution. A detailed literature review can be 

found ~n Chapter III, while Chapter IV discusses the 

results, and Chapter VI summarizes the conclusions and 

presents directions for further research. 
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CHAPTER II 

PROBLEM STATEMENT 

This chapter gives a statement of the problem and a 

brief description of the properties of an optimal solution. 

These properties are necessary but not sufficient. The 

assumptions made in this problem are also stated along with 

an explanation of the terms used in this problem. 

2.1 Terms Used in the Problem 

Some of the terms used in this problem are explained 

below. 

1. Machine: A machine or processor is a resource that is 

~o be applied to the job to process it. 

2. Job: A job is a task to be performed on the machine. 

3. Processing Time: Time required by the machine to 

completely process the job. 

4. Due Date: The date by which delivery of a job is 

promised to the customer. 

5. Earliness: The amount of time a job completes before it 

is due. 

6. Tardiness: The amount of time a job completes after it 

is due. 

7. Penalty: The cost incurred by a job for being early or 

tardy. 
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8. Earliness Penalty: The per unit earliness penalty of a 

job, i.e., the amount it is penalized for being one unit 

early. 

9. Tardiness Penalty: The per unit tardiness penalty of a 

job, i.e., the amount it is penalized for being one unit 

tardy. 

2.2 Assumptions 

The following assumptions are made in this problem and 

they generally hold, unless otherwise specified. 

1. The machine (processor) is continuously available, i.e., 

there are no uncontrolled idle-times or machine 

breakdowns. 

2. All jobs are available at the start time of the 

scheduling period. The problem is static and no new job 

is scheduled for production once the scheduling period 

starts. 

3. Job preemption is not allowed. A job, once started, 

needs to be completely processed before the next job can 

begin its processing. 

4. Job processing times are deterministic. There 1s no 

variation in job processing times and they are known 

with certainty. 

5. Only one job can be processed on the machine at a time 

or the machine can process only one job at a time. 
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2.3 Notation 

Given n jobs to schedule on the machine, we define the 

following notation (see Figure 2.1). 

Pj processing time of job j; j=1, .. .. ,n 

aj per unit earliness penalty (early weight) of job J; 

j=1, ... ,n 

~j : per unit tardiness penalty (tardy weight) of job J; 

j=1, ... ,n 

d : due date (common for all jobs) 

Sj start time of job j; j=1, ... ,n 

Cj completion time of j; j=1, ... ,n 

E { j: C j5:d} 

T {j: Cj>d} 

n 

MS = LPj 
j=l 

E· 
J = max{O, d-Cj}; j=1, ... ,n 

Tj =max{ 0, Cj-d}; j=1, ... ,n. 

E -----+------T-------1 

d 
Figure 2.1 

A Given Schedule 

The objective is to minimize the total penal~y function 

ET, given by 

n 

min ET = :L (ajEj + ~iTi). 
j=l 
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2.4 Properties of Optimal Schedule 

Some of the properties of an optimal schedule (see 

Baker and Scudder, 1990) are stated below. These are 

necessary conditions and structure the solution. 

1. There is no incentive to force idle times between the 

jobs. 

2. There exists an optimal schedule in which all jobs 

completed on or before the due date are sequenced in the 

non-increasing order of Pjla J and jobs started on or 

after due date are sequenced in non-decreasing order of 

Pjl~ j (the optimal schedule is V-shaped) . See Figure 

2.2. 

1 2 -- k k+1 n +1 

d 

Figure 2.2 
V-Shape Schedule 

n 

3. When the due date is not restrictive or is a decision 

variable, there exists an optimal schedule in which one 

job completes on the due date (Cj = d). 

4. When the due date is restrictive, there exists an 

optimal solution in which a job completes on the due 
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date and/or the starting time of first job is zero (Cj = 

d or S1 =0) (Hall, Kubiak and Sethi, 1991). 

5. When the due date is not early enough to constrain the 

schedule or is not restrictive, there exists an optimal 

schedule in which sum of the early weights of jobs in 

early set is greater than or equal to sum of tardy 

weights of jobs in tardy set (Dileepan, 1993) . 
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CHAPTER III 

LITERATURE REVIEW 

3.1 Literature Review 

The general problem of ET scheduling on a single 

machine is treated in a variety of ways depending on the 

assumptions made on penalties and due dates (see Baker and 

Scudder, 1990, and Raghavachari, 1988, for a comprehensive 

review) . The most common assumption made, as stated before 

in the Chapter I, is treating all due dates as the same (see 

Figure 3 .1) . 

Common Due Date 

Decision Variable Given Constant 

Restrictive 

Figure 3.1 
Different Cases of 

Common Due Date 

Unrestrictive 

Different assumptions are made regarding structure of 

penalties by different researchers and thus obtaining 

different special cases of the problem. Some of the 

restrictions made on the penalties are treating all the job 
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weights as equal to one (unit weights), all jobs having the 

same early or tardy weights but early weight may be 

different from tardy weight (constant weights), job weight 

that does not depend on whether the job is early or tardy 

(symmetric weights), and weights depend on jobs and whether 

the jobs are early or tardy (general weights) . Another 

assumption on penalties is the agreeable ratio of weights, 

where a job has the same relative importance whether it is 

in the early or tardy set. 

Sidney (1977) published one of the earliest papers on 

the earliness-tardiness penalties. He showed that the 

problem of minimizing the maximum job penalty (early or 

tardy) is polynomially bounded, given the jobs have same 

ear~iness and tardiness weights and machine idle times could 

be inserted. Lakshminarayan et al. (1978), Seidmann et 

al. (1981) and Panwalkar et al. (1982) are some of the other 

earliest literature in this area. 

3.2 Unit Weights 

Kanet (1981), Bagchi et al. (1986), Sundararaghavan and 

Ahmed (1984), and Hall (1986b) analyzed the unit weights(a 

=~ =1) problem. 

Kanet developed a polynomial algorithm for finding the 

optimal solution, when the due date is sufficiently large. 

His objective is to minimize the average deviation of job 
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completion times (about the common due date) . He proved 

that his algorithm gives optimal solutions. 

In simple terms, his algorithm is to place unscheduled 

jobs ln early set and tardy sets alternately such that the 

job selected for sequencing has the maximum processing time 

of all the unscheduled jobs. 

Bagchi et al. (1986) observed that 2r optimal solutions 

exist for this problem, given the processing times are 

unique. Here r is defined as the smallest integer greater 

than or equal to one half of the number of jobs. They 

developed an algorithm that gives all the 2r optimal 

schedules when the due date is not restrictive. 

Emmons (1987) and Bagchi et al. (1987) consider a 

secondary criteria, such as minimizing total processing time 

in tardy set, to choose from among this set of optimal 

schedules. 

Even though the unrestrictive vers1on is simple to 

solve optimally, the problem is hard to solve when the due 

date is restricted. Sundararaghavan and Ahmed (1984) 

presented heuristics to solve this problem, when Zero Start 

Time (ZST) condition 1s imposed. In ZST, the start time of 

first job is zero (51=0). 

Szwarc (1989) in his paper proved that ZST is not 

always optimal and determined the cases where ZST is sub 

optimal. Baker and Chadowitz (1989) relax this ZST 

condition and generalize the heuristic procedure for 
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restrictive version. Bagchi et al. (1986) developed a 

branching procedure for this problem. The procedure they 

followed is to enumerate the 2n possible V-shape schedules 

and select the minimum cost schedule. They found out that 

as the processing times increase or due date becomes longer, 

the procedure takes more time to create all the schedules. 

Hall et al. (1991) proved the recognition version of 

the problem is NP-Complete in the ordinary sense if the due 

date is restrictive and developed a pseudo-polynomial 

algorithm. They also derived several necessary conditions 

for optimality. They proved that the problem is 

polynomially solvable for a special case when all the jobs 

are either "small" or "large" and all the small jobs are 

scheduled before the large jobs. 

Liman and Lee (1993) developed a heuristic solution to 

this problem, with a time complexity of O(nlogn). This 

paper ~s one of the first to provide a heuristic with a 

finite error bound. They proved that the developed 

heuristic has a tight worst case relative error bound of 

0. 5. 

3.3 Constant Weights 

Emmons (1987) and Bagchi et al. (1987). analyzed the 

problem of weighted sum of absolute deviations for the 

constant weight case (a j=a and ~ j=~ ) . 
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Seidmann et al. (1981) studied the constant weight case 

with a due date assignment penalty and individual due dates. 

In a later paper, Panwalkar et al. (1982) consider 

common due date in their objective function and present a 

polynomial algorithm for solving this problem. They also 

give a proof of optimality. They also included a due date 

assignment penalty in their objective, as they did in their 

earlier paper. In their algorithm, they first find the 

optimal number of non-tardy jobs and in the second phase 

develop the optimal sequence and due date. 

Bagchi et al. (1987) found that the optimal solution 

for the restrictive case of the problem is V-shaped and 

hence an enumeration procedure has to consider 2n-1 

possibilities. This procedure can be computationally 

prohibitive for larger problem sizes. Furthermore, not only 

the sequence but also a start time of the schedule needs to 

be determined to completely specify the solution. 

Baker and Chadowitz (1989) presented a heuristic 

solution approach for this version of the problem which is 

NP-Complete. The heuristic presented is a three phase 

method and works for any arbitrary start time of the 

schedule. 

Mittenthal et al. (1993) also studied the problem of 

constant weights. They developed a simulated annealing 

approach for finding the solution. They consider objectives 

such as minimizing completion time variances, coefficient of 
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variation minimization and a bicriterion of minimizing a 

convex combination of the average completion time and the 

variance of completion times. They claim that their 

algorithm gives better solutions than the heuristics 

available in the literature. 

The approach they used is a hybrid technique of 

generating an initial solution using some rules, and then 

applying the simulated annealing procedure. 

3.4 Symmetric Weights 

The unrestrictive version of the symmetric penalties 

case is examined by Bagchi (1985) and Cheng (1987) . Bagchi 

considers a special case of this problem and proved some 

dominant properties that might accelerate the solution 

procedure. 

Hall and Posner (1991) also studied the symmetric 

penalties case. They proved that the recognition version of 

the problem is NP-Complete in the ordinary sense, given the 

due date is not restrictive, and developed a pseudo

polynomial dynamic programming algorithm. They described 

optimality conditions and assumed that due date is not 

restrictive. They presented a fully polynomial 

approximation, when the weights are bounded by a polynomial 

function of the number of jobs. They also described four 

special cases for which polynomial solution is possible and 

developed algorithms to solve those cases. 
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3.5 Agreeable Ratio Weights 

Lee et al. (1991) discussed the agreeable ratio (pi/a 

i~Pjla j ~ Pil~ i~Pjl~ j) case of the problem. This 

condition makes the problem more structured than the general 

weighted case, since position of a job in one set (either 

early or tardy set) is the mirror image (has same relative 

position with respect to jobs around it) of its position in 

the other set (tardy or early) . 

Their objective was to minimize both weighted number of 

tardy jobs and the weighted ET penalty. They developed 

dynamic programming algorithms to solve the agreeable ratio 

case for both unrestrictive and restrictive common due date 

problems. The complexity of their algorithm is O(n*MS) for 

unrestrictive case and O(n*MS + n2d) for the restrictive 

case. 

3.6 General Weights 

The general weighted case of the problem for 

unrestrictive due date is examined by Dileepan (1993) . He 

developed a branching procedure for finding an optimal 

sequence and the optimal due date. He also developed a 

heuristic procedure for solving this problem. 

He proved that in an optimal solution, sum of the 

earliness weights is greater than or equal to sum of 

tardiness weights. His heuristic is to place all jobs in 

the early set and sequence them in Weighted Largest 
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Processing Times (WLPT) order. He then calculates reduction 

in cost for moving each job from early set and placing it in 

tardy set. The job that gives maximum reduction in cost is 

removed and placed in tardy set in Weighted Shortest 

Processing Times (WSPT) order. The procedure is repeated 

until there is no job that can be moved without violating 

properties of an optimal schedule (sum of early weights must 

be greater than or equal to sum of tardy weights) or if 

there is negative reduction in cost for moving a job from 

early to tardy set. 

His procedure is myopic in the sense that it considers 

only the present move (see the Chapter IV for further 

explanation) . 
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CHAPTER IV 

METHODOLOGY 

4.1 Introduction to Simulated Annealing 

Simulated annealing, introduced by Cerny (1985) and 

Kirkpatrick et al. (1983), gets its name from the annealing 

process of metals. In the physical annealing process, 

metals at a very high energy state are brought to a lower 

energy sate in a systematic manner, to bring the metals to a 

more stable lower energy state. 

The development of simulated annealing method was 

motivated by the behavior of mechanical systems with large 

number of degrees of freedom, so as to preclude any 

exhaustive analysis of all the possible states of the system 

and facilitate only a statistical analysis. Simulated 

annealing works by constantly moving to a randomly generated 

neighborhood solution and in the process moving toward the 

global minimum. 

Simulated annealing follows the idea of iterative 

improvement method, i.e., it starts at an initial solution 

and tries to improve the solution by exploring the 

neighborhood. The main difference, however, between 

simulated annealing and a pure iterative improvement method 

is the Metropolis procedure (Metropolis et al., 1953), a 

higher energy state is also accepted with a probability that 

decreases as the solution proceeds toward the global minimum 
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(or optimum value) . The iterative improvement method cannot 

~mprove the solution any further once it reaches a local 

optimum because the immediate neighborhood of the solution 

is always worse. To get around this problem, an iterative 

improvement method needs to be applied several times 

starting with different initial solutions. 

Simulated annealing by its nature itself can avoid 

getting struck in a local optimum. This ability to migrate 

through local minima allows the algorithm to move toward 

global extremum (Bohachevsky et al., 1986) ~ The decrease 

in probability at the latter stages is justified because the 

solution is closer to the optimal in the later stages and 

accepting a worse state may move the solution out of the 

region of the optimal solution. 

The general simulated annealing algorithm works as 

explained below. In each step of the algorithm, the system 

is given a small random displacement and the change in 

energy of the system, ~ E, is computed. If ~ E ~ 0, the 

displacement is accepted, and this new configuration is used 

as starting solution for the next perturbation. 

In the case of ~ E > 0, the move is accepted with a 

probability P(~ E) = e<-~ E/KBT), where kB is the Boltzman 

constant and T is temperature of the system at_ that point. 

To implement this step, a random number in the interval 

[0,1) is generated from a uniform distribution and is 

compared with the calculated probability. 
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probability P(~ E) is greater than the generated number, 

the move is accepted and the algorithm proceeds to the next 

step. Otherwise, a new solution is generated and evaluated 

as above. 

By replacing energy with the objective function value, 

the Metropolis procedure can directly be applied to the 

combinatorial optimization problem. Such an adaptation is 

valid since in the annealing process, we try to bring the 

energy of the system to a lower state, while ~n an 

optimization problems, the objective is to minimize the 

objective function value. 

Before applying simulated annealing to the present 

problem, the Dileepan heuristic (1993) is discussed to 

explain the motivation and justification for the present 

methodology. 

4.2 Dileepan Heuristic 

This heuristic works, as explained in the literature 

review, by placing all the jobs in set E and moving jobs to 

set T to reduce the total penalty. To evaluate change in 

the objective function value for moving job i for each i E 

E and inserting in the set T in the proper place, change in 

cost cr is calculated as follows (refer Figures 4.1 & 4.2). 

Let E = {1, 2, ' k}' 

T = { k+ 1 , k+ 2 , . . . . . , n} and 

d = P1 + P2 + ······ + Pk· 
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Then 
k n 

ET = I aj(d - Cj) + I ~j(Cj - d). 
j=1 

1 f 

j=!c+l 

1 

d 

Figure 4.1 
Job i to be Placed 

After Job 1 

I n 

Now, ~ is removed from E and inserted in T immediately 

after 1, 1 E T, according to Property 1. Then the new due 

date d' = d - Pi and using the same indexes for the jobs as 

before, the objective function is given by 

i-1 k 1 

ET' = I aj(d' -Cj) + I aj(d' -C' j) + I~j(C'j-d') + 
j=1 j=i+1 j=k+1 

n 

I~j(Cj- d') + ~ i<C'i-d'). 
j=1+1 

Then 

cr = ET - ET' 

i-1 n 

= I aj(d - d') + I ~j(d' -d) + a i (d-Ci) - ~ i (Ci-d') 
j=1 j=1+1 

i-1 n k 1 

= Pi [I ~j- I aj] + ~ ~ Ipj - a i [ I pj+pi ] . 
j=1 j=l+1 j=i+1 j=k+l 
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If cr > 0, removing a job from set E and inserting it 

in set T reduces the penalty. 

The following are the steps to implement the heuristic: 

1. Let set E contain all the jobs and the due date dis the 

completion time of job n. 

E = {1,2, ...... ,n}, 

T = { } , and 

d = Cn· 

2. Arrange the jobs in set E according to property 1. The 

jobs are arranged in non-decreasing order of Pjla 1 . 

3. If there is no job that can be removed from set E and 

inserted in set T without violating property 5, stop. 

4. Compute the value of cr for removing each job in set E 

and inserting it in set T in a position according to 

Property 2 in Chapter II (the jobs in set T are 

sequenced in WSPT order) . 

positive, stop. 

If all the cr values are non-

5. Select the job with most positive cr value and insert it 

set T according to property 1. Update d and go back to 

step 3. 

For example, consider the problem is listed in Table 

4.1. Let the due date be a decision variable and hence is 

unrestrictive. The jobs are indexed according to the WLPT 

order (order in which they are sequenced in set E) . 

The ET penalty for the WLPT sequence is 107 and the due 

date is 20. 
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In the first iteration, the reduction in cost for 

moving jobs 1, 2, 3, 4, and 5 are -30, 6, -12, 35, and 32 

(refer to Table 4.2). Since moving job 4 gives greatest 

reduction in cost, it ~s moved to the tardy set T and the 

total penalty now is 72. The due date is 15. 

The schedule is 

E = {1,2,3,5} 

T = {4}, 

d = 15, and 

ET = 72. 

] 1 

Pj 10 

a. ] 5 

~ ] 8 

Table 4.1 
Example Problem 

2 

1 

1 

8 

3 

2 

4 

9 

4 

5 

10 

7 

In the second iteration, the reduction in cost for 

5 

2 

8 

4 

moving jobs 1, 2, 3, and 5 are -95, -6, -12, and -2 (refer 

to Table 4.2) and there is no job that can be moved that 

results in reduction in cost. Hence the procedure is 

stopped. The final solution is same as the one obtained in 

first iteration and shown in Figure 4.2. 
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Table 4.2 
Change in Cost for First Iteration 

j 1 2 3 4 5 

Pj 10 1 2 5 2 

a ] 5 1 4 10 8 

~ ] 8 8 9 7 4 

-30 6 -12 35 32 

This heuristic suffers from the following drawbacks. 

1. This method is myopic and may get stuck at a local 

optimum. This may happen because, it considers only the 

present cost decrease but ignores altogether future 

possibilities. 

2. This algorithm considers only moving the jobs from early 

to tardy set that gives greatest reduction in cost, but 

ignores the possibility of moving jobs from set tardy to 

early set, at a later stage, that might reduce the 

penalty. 

3. This heuristic does not consider the possibility of 

swapping jobs between early and tardy sets that might 

reduce the cost or at least move the solution closer to 

the optimal value. 
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J 

Pj 

a J 

~ J 

cr 

Table 4.3 
Change in Cost for Second Iteration 

1 2 3 

10 1 2 

5 1 4 

8 8 9 

-95 -6 -12 

1 3 5 

d 

Figure. 4.2 
Solution Developed by Dileepan 

Heuristic 

4 

5 

10 

7 

4 

The case where the algorithm gets stuck at a local 

optimum is illustrated in the next section. 

The simulated annealing algorithm developed in this 

5 

2 

8 

4 

-2 

research considers not only the possibility of moving jobs 

from early set to tardy set and vice versa (called pure 

move), but also swapping two jobs that are in different sets 

(swap). Thus, it can overcome the problems encountered by 

the Dileepan heuristic. 

The next section gives a description of the developed 

algorithm along with an example. 
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4.3 Simulated Annealing 

Simulated annealing can be adapted to the present 

problem as explained below. Before the algorithm is 

implemented, defining or determining the following 

parameters and procedures is necessary: 

1. Initial Solution, 

2. Initial Temperature, 

3. Final Temperature, 

4. Cooling Schedule, and 

5. Neighborhood Generation Procedure. 

4.3.1 Initial Solution 

Initial solution or starting solution is the input 

solution to the algorithm. An initial solution may affec~ 

the effectiveness of the algorithm, if the algorithm is not 

robust to the starting point. An example of the initial or 

starting solution generation procedure is given below. 

1. All jobs are placed in the set E and are arranged 

according to Property 2 of Chapter II. 

1. 

Set index J to 

2. Compute change in cost () (calculated the same way as 

explained in section 4.2) for removing job j from set E 

and inserting in set T. If the change in cost () is 

positive, remove the job j and place it in set T in WSPT 

order. Update d and ET and increment j by one. 

Continue until index is greater than n. 
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3. Compute sum of early weights for jobs in E and sum of 

tardy weights for jobs in T. If the sum of early 

weights ~s greater than or equal to the sum of tardy 

weights, set j to 1 and move ]r if ] ~s in set E, to set 

T. Update d, ET, and sums of weights. If j is not in 

set E increment J and check if it in set E. Move J if 

it is in set E. If the above condition still holds, 

continue otherwise stop. The final solution is the 

initial solution for simulated annealing algorithm. 

A sequence in which all jobs are placed in WLPT order 

in early set could be another starting solution for the 

annealing process. A sequence in which jobs are randomly 

assigned to early and tardy sets is a third initial 

solution. can be easily seen that different starting 

solutions may give different final solutions, depending on 

the annealing parameters used. Then a robust algorithm is 

one that consistently gives quality solutions irrespective 

of the starting solution. In order to achieve this, the 

annealing parameters have to be set correctly. 

4.3.2 Initial Temperature 

This is the temperature at which the annealing 

procedure starts. The initial temperature along with the 

final temperature directly influences the time taken to run 

the algorithm. The higher the initial temperature, the 

longer it takes to run the algorithm, keeping the final 
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temperature the same. It should not, however, be set at a 

very low value because the algorithm may stop before it 

reaches the optimal solution. 

4.3.3 Final Temperature 

Final temperature is the temperature at which the 

algorithm stops. By far, this is the simplest of the 

stopping criterion and is widely used. This temperature is 

determined in conjunction with the initial temperature and 

the range is important to give enough room for the algorithm 

to reach its best solution. 

4.3.4 Cooling schedule 

This schedule specifies the way the temperature is 

brought down from the its initial to final value. Cooling 

schedule influences the following. 

1. The rate at which the temperature is reduced. This rate 

called R plays an important role in determining the time 

required to run the algorithm. 

2. Since the temperature at that particular point is taken 

into account to calculate the probability of accepting a 

worse solution, the cooling schedule may affect the 

acceptance probability. Thus affecting the way the 

algorithm works. 
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4.3.5 Neighborhood generation procedure 

Once the annealing parameters are determined, the 

neighborhood generation procedure is to be determined. This 

procedure should have the following two properties. 

1. It should generate all the set of possibilities that may 

drive the solution toward the optimal. 

2. The set of solutions it has generated should be of such 

a size that all possibilities could be evaluated in 

reasonable amount of time. 

A neighborhood generation procedure designed for this 

problem as follows. 

1. If a job j in the early set is selected to be moved to 

create a new solution, the set of generated solutions 

are swapping this job with every job in the tardy set in 

such a way that the V-shape of the sequence is 

maintained and moving the job to tardy set with of 

removing any of tardy jobs. Thus the number of 

neighborhood solutions is k+1, where k is the number of 

jobs in tardy set. 

2. When the job j is in the tardy set, it is evaluated for 

a swap with all the early jobs and also for a possible 

move to the early set without removing any jobs from the 

early set. Thus, again, the number of neighborhood 

solutions is k+1, where k is the number of jobs in tardy 

set. 

34 



4.3.6 Stopping Criteria 

As explained in the section 4.3.3., final temperature 

~s a widely used stopping criteria. However, some other 

criterion are used to complement this stopping rule, in 

order to reduce the run time of the algorithm. 

In the developed algorithm, another rule, that stops 

the algorithm if the solution fails to proceed any further 

consecutively for 2*n times is also incorporated. The 

significance of 2*n times can be explained as n times means, 

all jobs are evaluated one time. This is multiplied by 2 to 

evaluate one more cycle before stopping. 

4.4 Annealing Procedure 

The following are the steps in the developed annealing 

procedure. 

1. Set temperature Temp to its initial value. Set index J 

to 1. 

2. Select job j and determine the set to which it belongs. 

If it belongs to set E go to 3 else go to 5. 

3. For i from 1 to n, if i is in set T, compute change in 

cost if j and i are exchanged. Store the maximum value 

(greatest reduction in cost) in sigma[j] and the job i 

in job[j]. Also compute change in costo , if j were 

moved to set T, without moving any of the tardy jobs to 

set E. If o is greater than sigma[j], store 8 ~n 

sigma[j] and set job[j] to -1. If sigma[j] is greater 
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than or equal to zero, accept the move and update the 

schedule. Go to step 7. Else go to 4. 

4. If sigma[j] is less than zero, compute the probability, 

P = e(sigma[j]/t) and compare it with a random number 

generated from the uniform distribution between [0, 1). 

If P is greater than the generated number, accept the 

higher cost (penalty) solution and update the schedule. 

If the previous value was the best solution so far, 

store the schedule in ET STORE. If P is not greater, 

reject the move and in either case go to step 7. 

5. For i from 1 to n, if i is in set E, compute change in 

cost if j and i are exchanged. Store the maximum value 

(greatest reduction in cost) ~n sigma[j] job i in 

job[j]. Also compute change ~n cost8 , if J were moved 

to set E, without moving any of early jobs to set T. If 

8 is greater than sigma[j], store 8 in sigma[j] and 

set job[j] to -1. If sigma[j] is greater than or equal 

to zero, accept the move and update the schedule and go 

to step 7. Else go to 6. 

6. If sigma[j] is less than zero, compute the probability, 

p = e<sigma[j]/t) and compare it with a random number 

generated from the uniform distribution between [0, 1). 

If P is greater than the generated number, accept the 

higher cost (penalty) solution and update the schedule. 

If the previous value was the best solution so far, 
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store the schedule in ET STORE. If P is not greater, 

reject the move and in either case go to step 7. 

7. Increment j by one. If J > n, then update Temp using 

Temp = R*Temp. If Temp $ t_stop, stop else set J to 1 

and go to step 2. If j $ n go to step 2 without 

updating Temp. 

For example, consider the problem given above (Table 

4.1), the heuristic could not develop the solution anymore 

after the first iteration. Simulated annealing can be 

applied to the same problem as follows. Initial solution 

can be developed as: 

1. All the jobs are placed in set E. The ET penalty for 

this schedule is 107 and the due date is 20. 

2. Index j is set to 1. Job 1 is in set E, and reduction 

in cost if it were moved to set T is -6. Since mov~ng 

job 1 to set T does not improve the penalty, it is left 

in set E. J is incremented by 1. 

3. Moving job 2 gives a reduces the penalty by 6, and hence 

it is removed from set E and inserted in set T in WSPT 

order. The total penalty now is 101 and d is 19. 

incremented to 3. 

J ~s 

4. Moving job 3 to set T reduces the total penalty by 11 

and hence it is removed from set E and placed in set T. 

The ET penalty reduces to 90 and the due date is 17. 
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5. Now moving job 4 to set T does not improve the penalty 

and hence it is left in set E. The index j is 

incremented to 5. 

6. Job 5 if moved to set T, results in a reduction in ET 

penalty by 10. The job 5 is, hence, moved to set T and 

now the total penalty is 80. The due date is 15. 

The schedule is shown below: 

E = {1,4}, 

T = {2,3,5}, 

ET = 80, and 

d = 15. 

1 4 2 

d 
Figure 4.3 

3 

The Initial Solution 

5 

In the first step of the annealing procedure, the 

temperature is set to its initial value and all the 

variables are initialized. The initial solution selected is 

the one developed above (Figure 4.3). The annealing then 

proceeds as follows. 

1. In the first iteration, index j is set to 1. Job 1 ~s 

selected from set E and is compared for a swap with all 

the jobs in set T. Then it is evaluated for a pure 

move. All the possibilities result in higher penalty. 

Hence the probability of acceptance is calculated and is 
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compared with a random number generated from the [0,1) 

uniform distribution. Since the probability is smaller 

compared to the generated random number, the move is 

rejected and the index j is incremented to 2. 

2. In the second iteration, the job 2 in set T is evaluated 

for swapping with jobs in set E and also for a pure 

move. Since the pure move results in an improvement in 

the solution, it accepted and the ET penalty, now, 

reduces to 69. The corresponding due date is 16. This, 

incidentally, was the best solution found by the 

annealing procedure. 

4.4. 

This sequence is shown in Figure 

3. The temperature Temp is reduced when J becomes greater 

than n (5 ~n this problem) . Then j is set to 1 and the 

annealing is continued. The procedure is stopped when 

the temperature Temp falls below its final value or the 

number of consecutive rejections is more than twice the 

number of jobs. 

The final sequence is 

E = {1, 2, 4}, 

T = {3, 5}, 

ET = 69, and 

d = 16. 

This solution is better than the one found by Dileepan 

heuristic. 
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From the above example, it is clear that the simulated 

annealing can give better results than the Dileepan 

heuristic. 

1 4 

d 
Figure 4.4 

Final Solution 
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5.1 Introduction 

CHAPTER V 

RESULTS AND ANALYSIS 

As stated in the Chapter I, the research objectives are 

to do a detailed literature review on the single machine 

scheduling problem with a common due date so as to study the 

solution procedures employed to solve this problem and 

explore possible improvements, develop a simulated annealing 

algorithm to solve this problem along with a neighborhood 

generation procedure, and evaluate the developed algorithm. 

A large number of random problems are generated with 

processing times uniformly distributed between 1 and 50, 

and job weights between 1 and 10. Experimental analyses are 

performed to evaluate the simulated annealing algorithm and 

the results are discussed in the next few sections. 

5.2 Optimal Temperature 

In order to determine the initial temperature and range 

for which the algorithm gives better solutions, an ANalysis 

Of VAriance (ANOVA) is performed for three different levels 

of initial temperature (Temp) and cooling schedules (R). A 

significance level of a = 0.1 is chosen through out the 

experiments and signifies that there ~s a 10% likelihood of 

concluding that Ho is false, when it is actually true. 
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The average improvement given by this algorithm over 

the Dileepan heuristic procedure is collected for three 

different problem sizes and at different initial temperature 

and cooling schedules. The data are shown in Table 5.1. 

The results of ANOVA are given in Table 5.2. The problem 

s~ze is blocked in the test because it is clear that problem 

size affects the response or the average improvement. 

The hypotheses for the F test for the model are: 

Ho All parameters in the model except the intercept 

are zero. 

H1 The parameters are significantly different from 

zero or the model as a whole accounts for a 

significant portion of the variability in the 

independent variables. 

In Table 5.2, for the model term, Pr > F is 0.0001. 

This shows that there is a 0.0001 probability of finding a 

more extreme test statistic given Ho is true, which is less 

than the significance level a = 0.1. Hence Ho is rejected, 

Based On the Evidence (BOE) presented, and it is concluded 

that the model is adequate. 

The significance of problem size (as Pr > F is 0.0001 

for Size) indicates that blocking it in the ANOVA is 

justified. 

Before testing the significance of initial tempera~ure, 

the interaction between initial temperature and R (Temp*R) 

is tested. This step is required as the individual 
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Problem 

size 

10 

10 

10 

10 

10 

10 

10 

10 

10 

30 

30 

30 

30 

30 

30 

30 

30 

30 

50 

Table 5.1 
Data for Optimal Temperature 

and Cooling schedules 

R Temp 

0.5 10 

0.7 10 

0.9 10 

0.5 20 

0.7 20 

0.9 20 

0.5 30 

0.7 30 

0.9 30 

0.5 10 

0.7 10 

0.9 10 

0.5 20 

0.7 20 

0.9 20 

0.5 30 

0.7 30 

0.9 30 

0.5 10 

43 

Ave. 

Deviation 

1.4531 

1.4663 

1.4705 

1.4448 

1.4481 

1.4738 

1.4260 

1.4204 

1.4789 

1.5687 

1.5698 

1.5727 

1.5705 

1.5762 

1.5739 

1.5752 

1.5757 

1.5772 

1.4165 



Problem R 

size 

50 0.7 

50 0.9 

50 0.5 

50 0.7 

50 0.9 

50 0.5 

50 0.7 

50 0.9 

Table 5.1 
Continued 

Temp 

10 

10 

20 

20 

20 

30 

30 

30 

44 

Ave. 

Deviation 

1.4176 

1.4186 

1.4165 

1.4182 

1.4188 

1.4166 

1.4187 

1.4185 



Source 

Model 

Size 

R 

Temp 

Temp*R 

Error 

Table 5.2 
Analysis of Variance Results for 

Initial Temperature and 
Cooling Schedules 

Mean squares F 

0.0121 81.83 

0.0597 405.12 

0.00041 2.79 

0.00006 0.44 

0.00006 0.46 

0.002359 
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Pr > F 

0.0001 

0.0001 

0.0914 

0.6542 

0.8010 



significance may be obscured by the interaction, if the 

interaction were significant. However, from Table 5.2, it 

can be seen that the probability of finding an extreme test 

statistic when Ho is true is 0.801 and hence Ho cannot be 

rejected and it is concluded that the interaction was not 

significant. 

In testing the significance of temperature, the 

hypotheses are: 

Ho There ~s no difference among the initial 

temperatures or all the initial temperatures 

equally affect the average improvement. 

H1 There is a significant difference among the 

initial temperatures. 

From the ANOVA, it is clear that the initial 

temperature does not influence the performance of the 

algorithm as Pr > F is 0.6542 (based on the same argument 

made for the interaction between temperature and R) and 

hence it does not make any difference to choose from among 

the three levels given in Table 5.1. 

Furthermore, choosing any temperature does not make a 

difference in terms of running time of the algorithm, 

because of the built-in provision to stop the algorithm 

after a specific number of rejections. An initial 

temperature of 20 is selected for this research. 
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5.3 Optimal Cooling Schedule 

Along with the initial temperature, the data is 

collected for different cooling schedules and tested to see 

if there is any significant difference between different 

cooling schedules. 

The test hypotheses are: 

Ho There is no difference among Rs or the cooling 

schedules equally affect the average 

improvement. 

H1 There is a difference among Rs. 

ANOVA shows that the cooling schedules significantly 

influence performance of the algorithm (at a = 0.1 and 

based on evidence presented) . This conclusion is drawn by 

looking at Pr > F, which is 0.0914 and hence the Ho is 

rejected. 

In order to determine the schedule that is best suited 

for this problem, a pair wise comparison test is performed. 

The results of the test (Duncan Multiple Range Test) are 

shown in Table 5.3. The results show that an R value of 0.5 

and 0.7 are not significantly different and also 0.7 and 0.9 

are not significantly different (levels with same alphabet 

are not significantly different). An R value of 0.7 is 

chosen as the optimal since it is not different from 0.9 and 

the algorithm runs faster for 0.7 than for 0.9. 
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R 

0.5 

0.7 

0.9 

Table 5.3 
Duncan Multiple Range Test for 

the Cooling Schedules 

N Mean Duncan Grouping 

9 1.7992 A 

9 1.8012 A B 

9 1.8116 B 
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5.4. Comparison of Annealing Algorithm 
With Dileepan Heuristic 

Dileepan heuristic is the only existing heuristic 

procedure for solving the general weighted case of the 

single machine common due date problem and hence, the 

developed algorithm is compared with this heuristic. 

of the comparisons done: 

1. average improvement of annealing over Dileepan 

heuristic, and 

2. empirical comparison of the two solution methods. 

5.4.1. Average Improvement 

In order to test if the developed algorithm 

Some 

significantly improves the solution, a pairwise t-test ~s 

performed on the average deviation (improvement) of the 

annealing algorithm over the Dileepan heuristic for 

different problem sizes. The data are shown in Table 5.4. 

The hypotheses for the t-test can be stated as follows: 

Ho : Annealing is not significantly better than the 

Dileepan heuristic. 

H1 Annealing procedure is significantly better than 

Dileepan heuristic. 

The t-test results in Table 5.5 show that the simulated 

annealing algorithm gives better solutions that are 

significantly better than Dileepan heuristic (based on the 

argument that probability of finding a more extreme test 
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Size 

5 

10 

20 

30 

40 

50 

75 

Mean 

1.28775 

Table 5.4 
Average Improvement in Solution 

Temp R Ave. 

20 0.7 

20 0.7 

20 0.7 

20 0.7 

20 0.7 

20 0.7 

20 0.7 

Table 5.5 
T-test for Significance of 

the Average Deviation 

T 

6.3133 

50 

improvement 

0.1286 

1.3644 

1.7951 

1. 57 62 

1.4827 

1.4187 

1.2472 

Pr > ITI 

0.0007 



statistic when Ho is true is 0.0007), BOE and at a= 0.1. 

The results of the average improvement for different problem 

sizes is shown in Figure 5.4. It can be seen that the 

developed algorithm consistently gives an average 

improvement of more than 1% except for a 5 job problem. 

This improvement is significant in the light of the claim 

that the Dileepan heuristic is near optimal. 

5.4.2 Empirical Comparison 

The algorithm is empirically compared with the Dileepan 

heuristic for the following measurements: 

1. Maximum improvement obtained by the simulated annealing 

algorithm for different problem sizes. 

3. Number of times the annealing procedure worked as good 

as the Dileepan heuristic. 

2. Number of times the annealing procedure yielded better 

solution than that obtained from Dileepan heuristic. 

Figure 5.1 shows a trend in the maximum improvement 

that can be obtained using the developed algorithm. The 

maximum improvement is very high for lower size problems and 

this can be explained by the fact that for lower size 

problems, the numerical value of the penalty function is a 

small number and any improvement translates into a high 

percentage. 

Figure 5.2 shows the times simulated annealing works as 

good as Dileepan heuristic. The figure shows that the 
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Figure 5.1 
Maximum Percentage Improvement Obtained 

with Simulated Annealing 
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Figure 5 . 2 
Times Simulated Annealing developed 

same solutions as Dileepan 
Heuristic 
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number of times the algorithm gave same solutions as the 

heuristic procedure and the rapid decrease shows that as the 

problem size increases, the times annealing algorithm gives 

better solutions increase rapidly. 

Figure 5.3 shows that as the problem size increases, 

number of times simulated annealing working better also 

~ncreases. This complements the conclusion drawn from 

Figure 5.2. 

Figure. 5.4 gives the percentage of times simulated 

annealing works at least as good as Dileepan heuristic. It 

can be seen that for every problem size simulated annealing 

is at least as good as the heuristic and we can say that in 

the worst case the developed algorithm is as good as the 

existing heuristic. 

An interesting point to note is that Dileepan heuristic 

worked better in only one out of 1750 problems generated. 

5.5. Robustness 

One of the important measures of the quality of a 

method is its robustness. Robustness is the property that 

makes the procedure produce consistently good results in the 

face of noisy conditions. Here, noise can be thought of as 

the variations in initial solution that is given to the 

annealing algorithm as a starting point. The algorithm is 

said to be robust to the initial solution, if it produces 

the same results (penalty) for any starting solution. 
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In order to measure the robustness of the annealing 

algorithm, a method to generate random initial solutions is 

developed. A set of 10 random initial solutions are 

generated for problems of size 10, 20, 40, and 50 and the 

final solutions developed from these initial solutions are 

recorded. This data is collected for 20 random problems for 

each problem size and the final solutions from an LPT 

initial solution and the method discussed in Chapter IV are 

appended to it. 

An ANOVA is performed to determine if the starting 

solutions influence the final solution. The ANOVA results 

are shown in Table 5.6, Table 5.7, Table 5.8, and Table 5.9 

for problem sizes 10, 20, 40, and 50, respectively. 

are: 

The hypotheses testing for testing the initial solution 

Ho There is no difference in the starting solutions 

or the starting solutions do not influence the 

final solution. 

H1 There is a difference in the starting solutions 

or the starting solutions influence the final 

solution. 

For problems of size 10, the ANOVA in Table 5.6 shows 

that we can not reject the null hypothesis based on evidence 

presented and at a= 0.1, as Pr > F is 0.5573. Thus, it is 

concluded that for problems of size 10, initial solution 

does not significantly affect the final solution. 
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Source 

Model 

Problem 

Method 

Error 

Source 

Model 

Problem 

Method 

Error 

Table 5.6 
Analysis of Variance for Robustness 

for Ten Job Problems 

Mean squares F 

1.9E+06 522.18 

3.0E+06 823.98 

3.2E+03 0.88 

3.7E+03 

Table 5.7 
Analysis of Variance for Robustness 

for Twenty Job Problems 

Mean squares F 

2.6E+08 187.61 

4.1E+08 295.81 

9.9E+04 0.72 

1.4E+05 
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Pr > F 

0.0001 

0.0001 

0.5573 

Pr > F 

0.0001 

0.0001 

0.4055 



Source 

Model 

Problem 

Method 

Error 

Source 

Model 

Problem 

Method 

Error 

Table. 5.8 
Analysis of Variance for Robustness 

for Forty Job Problems 

Mean squares F 

1.5E+09 3.33 

2.1E+09 4.68 

4.5E+08 0.99 

4.6E+08 

Table. 5.9 
Analysis of Variance for Robustness 

for Fifty Job Problems 

Mean squares F 

3.4E+10 235.17 

5.4E+08 370.78 

1.4E+06 0.94 

1.5E+06 
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Pr > F 

0.0001 

0.0001 

0.7228 

Pr > F 

0.0001 

0.0001 

0.5057 



The same argument can be applied for problems of size 

20, 30, 40, and 50. Hence, the final solution developed by 

the annealing algorithm does not depend on the initial 

solution (based on the evidence presented and at a=O.l) for 

problems of size 10, 20, 40, and 50. It is concluded that 

the algorithm is robust to the initial solution. 
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CHAPTER VI 

CONCLUSIONS AND RECOMMENDATIONS 

6.1 Conclusions 

The objectives of this research were to investigate the 

single machine scheduling problem with a common due date for 

the decision variable case of the due date and developed a 

solution procedure. The problem was to schedule n jobs on 

the single machine, with job dependent penalty weights, so 

as to minimize the weighted sum of earliness and tardiness 

penalties. 

The study was broken down into two main parts. The 

first part was to review the literature to understand the 

various solution procedures applied for this and more 

restricted versions of this problem in order to gain 

insights into the solution procedures. 

As stated in Chapter III, the only heuristic procedure 

reported in the literature to solve the general weighted 

case of the problem was Dileepan (1993) . This procedure had 

following the drawbacks. 

1. It considered the present step only (myopic). 

2. It considered possibility of removing jobs from the 

early set and placing them in the tardy set but does not 

consider moving jobs from tardy set to early set. 

3. It ignored the possibility of swapping jobs between 

sets. 
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The second part of the research was devoted to 

developing a solution methodology that does not suffer from 

the above shortcomings and hence can perform better than the 

available method. 

Simulated annealing was utilized to solve the problem. 

The main attraction for such an application was its ability 

to migrate through the local minima and move toward global 

optimum. 

A neighborhood generation procedure was developed such 

that feasible possibilities can be explored to move the 

solution towards the optimal. 

Different initial temperatures and cooling schedules 

were explored to come up with the parameters that best suit 

the problem. It was also shown that cooling schedule 

influences the solution. A stopping criteria was developed 

that reduces the running time of the algorithm. 

The algorithm was coded in "C" and run on an IBM 486 

machine. An experimental analysis was performed to evaluate 

the developed algorithm. 

The experimental results showed that this procedure 

generally works better than the existing heuristic and can 

improve the solution every time for higher size problems. 

The difference between the solutions developed by Dileepan 

heuristic and those developed by the developed procedure 

were shown to be statistically significant. 
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The significance of this method becomes even more 

important, if we consider the practical implications of the 

penalty function. It is quite possible that a fractional 

increase in solution (or decrease in penalty) may save 

enormous amounts of money for the company and also stands it 

in good stead with the customers. 

The developed algorithm, generally, requires more 

computational time than the Dileepan heuristic. This 

phenomenon can be explained by the fact that simulated 

annealing being a search method, takes more time to converge 

to a solution. The search employed here, however, is a 

directed search instead of random searching of the solution 

space and is more efficient in terms of search time and 

quality of the generated solution than a random search 

method. 

6.2 Applicability of This Research 

In the present manufacturing environment, where tight 

due dates are a common practice, inventories are falling out 

of grace, and customer has a choice to select from among a 

host of competitors, it ~s imperative that a quick and good 

solution methodology be developed to solve various problems 

encountered in the field of production. 

This problem contributes, at least, to gain insight 

into the type of scheduling functions that are fast becoming 

the norm in the scheduling research. 
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6.3 Recommendations for Further Research 

An obvious extension to this research is improving the 

neighborhood procedure in order to improve the running time 

of the algorithm. 

This problem can be made more complex and in the 

process be made more closer to the shop floor realities by 

introducing an element of stochastic nature in the job 

arrivals and job processing times. 

A constraint in the sequence in which jobs are 

processed to include setup costs may be worth exploring. 

The job due dates can be treated as different and the 

common due date assumption no longer holds. This can model 

the situation in which the jobs originate from different 

customers. 

The effect of different types of job weights can also 

be studied. For example, consider the case where the 

weights are dependent on job processing times. 

Idle time insertion may also be permitted to model the 

possibility where an emergency job comes in after the set of 

jobs are sequenced. This situation occurs more often than 

not, in any shop floor. 

Finally, the due date can also be treated as an 

interval of time instead of a point. This interval is the 

time frame during which the customer is most willing to take 

the delivery. This notion is more practical on the shop 

floor than a due date. In this scenario, more than one job 
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can escape the penalty. Further more, the penalties can be 

calculated from the ends of the interval. A less general 

version of this problem was solved using dynamic programming 

(Kramer and Lee, 1992) but the algorithm is very hard to 

implement and may require a lot of computing resources. 

Hence it is interesting to develop a simpler solution 

procedure to this problem, to get over the problems posed by 

the dynamic programming algorithm. 
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/* MAIN PROGRAH - SIMULATED ANNEALING AND DILEEPAN HEURISTIC 
FOR SINGLE MACHINE COMMON DUE DATE SCHEDULING */ 

#include<math.h> 
#include<stdio.h> 
#include<stdlib.h> 
#include "sorts.c" II SORTS ARRAYS 
#include "random.c" // GENERATES RANDOM NUMBERS 

#define N 40 // PROBLEM SIZE 
#define SEED 12345 // SEED FOR RANDOM NUMBER GENERATOR 
#define RUNS 250 //NUMBER OF RUNS OF THE PROGRAH 

//FUNCTIONS 
void construct_early set(); 
void generate initial solution(); 
long int et_penalty(); 
int change in cost(int *, int *); 
int change-in-cost1(int *, int *); 
void move jobs to tardy set(); 
void order_tardy_set();-
void early swap(); //FUNCTION FOR ANNEALING 
void deleep(); //FUNCTION FOR DILEEPAN HEURISTIC 
int tardy costs(); 
int construct initial solution(); 
int construct-initial-solution1(); 
long int penalty_of_generated_solution(); 

// GLOBAL VARIABLES 
int p[N];// JOB PROCESSING TIMES 
int a[N]; //JOB EARLY WEIGHTS 
int b[N]; //JOB TARDY WEIGHTS 
int e[N]; II EARLY SET 
int t[N]; //TARDY SET 
int e store[N]; /*STORES EARLY SET CORRESPONDING TO LEAST 
PENALTY */ 
int t store[N]; /*STORES TARDY SET CORRESPONDING TO LEAST 
PENALTY */ 
int temp[N]; //TEMPORARY ARRAY 
int alpha sum; // SUM OF EARLY WEIGHTS FOR JOBS IN EARLY SET 
int a sum-temp; // TEMPORARY SUM 
int beta sum; // SUM OF TARDY WEIGHTS FOR JOBS IN TARDY SET 
int b sum temp; // TEMPORARY SUM 
int d; //-DUE DATE 
int d store; // DUE DATE CORESPONDING TO LEAST PENALTY 
int status; // STATUS VARIABLE TO CONTROL LOOPING 
int i; II VARIABLE 
int m; //VARIABLE 
int x; //VARIABLE 
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int count=1; II VARIABLE FOR NUMBER OF RUNS 
long int sigma[N]; II STORES CHANGE IN COST 
long int delta[N]; II STORES CHANGE IN COST 
long int eta[N]; II STORES CHANGE IN COST 
long int et; II ET-PENALTY 
long int et store=999999; II STORES LEAST PENALTY 
float wa[NJ7 II STORES p[N]Ia[N] 
float wb[N]; II STORES p[N]Ib[N] 
float sum; II STORES THE SUM OF AVERAGE DEVIATIONS 

void main(void) 
{ 

printf ("problem parameters \n") ; 
printf("initial temperature= 20 and r = 0.7\n"); 
printf ("number of jobs = %d\n", N); 
printf("number of problems generated= 250\n"); 

while(count<=RUNS) II LOOP FOR REPEATED RUNS 
{ 
srand(count*SO); II FOR USING TURBO GENERATOR 

II INITIALIZATION 
et store=999999; 
et=O; 
for(i=O; i<N; i++) 
{ 

e[i]=-1; 
t[i]=-1; 
p[i]=-1; 
a[i]=-1; 
b[i]=-1; 
e store[i]=-1; 
t-store[i]=-1; 
delta[i]=-99999; 

} 
d=O; 
d store=O; 
alpha_sum=O; 
beta sum=O; 
a_sum_temp=b_sum temp=O; 

II PROBLEM GENERATION 
for(i=O; i<N; i++) 

p[i]=(int)random(50)+1; 

for(i=O; i<N; i++) 
a[i]=(int)random(10)+1; 

for(i=O; i<N; i++) 
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b[i]=(int}random(lO}+l; 

for(i=O; i<N; i++} 
{ 

} 

wa[i]=(float}p[i]la[i]; 
wb[i]=(float}p[i]lb[i]; 

construct_early_set(}; 

II ASSIGNING JOBS TO EARLY SET 
for(i=O; i<N; i++} 
{ 

} 

e[i]=i+l; 
alpha sum+=a[i]; 
t[i]=-=-1; 
beta sum=O; 
d+=p[i]; 

long int et small; I* VARIABLE FOR STORING SMALLEST 
PENALTY 
et=et_penalty (}; 
et store=et small=et; 

status=l; 
deleep (}; 
long int et_deleep=et; 

II REINITIALIZATION FOR ANNEALING 
d=O; 
alpha sum=beta sum=O; 
for(i~O; i<N; i++} 
{ 

} 

e[i]=i+l; 
alpha_sum+=a[i]; 
t[i]=-1; 
beta sum=O; 
d+=p[i]; 

et=et_penalty (}; 

II GENERATING INITIAL SOLUTION 
for(i=O; i<N; i++} 
{ 

if (e [ i] >0} 
{ 

73 



int theta=construct initial solution(}; 

} 
} 

if(theta>=O} -
{ 

e[i]=-1; 
t[i]=i+1; 
alpha_surn-=a[i]; 
beta surn+=b[i]; 
d-=p [i]; 
et-=theta; 

} 

for(i=O; i<N; i++} 
{ 

if(e[i]>O && (alpha sum-a[i]}>=(beta surn+b[i]}} 
{ -

int theta=construct initial solution(}; 
et-=theta; - -
e[i]=-1; 
t[i]=i+1; 
alpha_surn-=a[i]; 
beta surn+=b[i]; 
d-=p[i]; 

} 
} 

II ANNEALING 
early_swap (}; 

II PRINTING THE RESULTS 
et srnall=et store; - -
if(et<=et_store} 

et srnall=et; 
printf ("et-final=%ld\n", et}; 
printf("et-srnall= %ld\n", et_srnall}; 
float percent_deviation=(float} (float(et_srnall
et deleep}lfloat(et deleep}}; 
printf ("%f\n", percent_deviation}; 
surn+=percent deviation; 
count++; II INCREMENTING THE COUNT 
} II END OF WHILE LOOP 
printf("surn= %f\n", sum}; 
printf("ave. deviation= %f\n", surnl250.0}; 
printf("r=0.7, ternperature=20.0\n"}; 
printf("end of program for %d jobs\n", N}; 

} II END OF MAIN 

I* FUNCTION TO SORT THE PROBLEM DATA AND INDEX THE JOBS 
ACCORDING TO WLPT *I 
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void construct early set() 
{ - -

} 

for(int i=O; i<N-1; i++) 
{ 

} 

for(int j=i+1; j<N; j++) 
{ 

} 

if(wa[j]>wa[i]) 
{ 

} 

int temp1=p[j]; 
p[j]=p[i]; 
p [ i ] =temp 1 ; 
temp1=a[j]; 
a [ j] =a [ i] ; 
a[i]=temp1; 
temp1=b[j]; 
b [ j] =b [ i] ; 
b [ i ] =temp 1 ; 
float temp2=wa[j]; 
wa[j]=wa[i]; 
wa[i]=temp2; 
temp2=wb[j]; 
wb [ j ] =wb [ i ] ; 
wb[i]=temp2; 

II DELEEPAN HEURISTIC 
void deleep () 
{ 

while (status==1) 
{ 

move jobs to tardy set(); 
int max=getmaxposi(sigma,N); 
if(sigma[max]>O && (alpha_sum
a[max])>=(beta_sum+b[max])) 
{ 

e[max]=-1; 
t[max]=max+1; 
alpha_sum-=a[max]; 
beta_sum+=b[max]; 
d=d-p[max]; 
et-=sigma[max]; 
for(int k=O; k<N; k++) II CHECKING ENTRY CONDITION 
{ 

if (e [k] >0) 
{ 

status=O; 
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} 
} 

} 
} 

} 

else 

if((alpha_sum-a[k])>=(beta_surn+b[k])) 
{ 

} 

status=l; 
break; 

break; 

II FUNCTION TO MOVE 30BS TO TARDY SET 
void move jobs to tardy set() 
{ - - - -

for(int k=O; k<N; k++) 
sigma[k]=O; 

int rec, corn, itc, nee, coml; 
for(int i=O; i<N; i++) 
{ 

rec=O; com=O; itc=O; ncc=O; coml=O; 
if(e[i]>O) 
{ 
for(int j=O; j<i; j++) 
{ 

if(e[j]>O) 
rec+=p[i]*a[j]; 

} 
for(j=i+l; j<N; j++) 
{ 

} 

if (e [ j] >0) 
{ 

coml+=p[j]; 
} 

rec+=coml*a[i]; 
for(j=O; j<N; j++) 
{ 

if(t[j]>O && wb[j]<wb[i]) 
{ 

} 

com+=p[j]; 
} 
else if(t[j]>O && wb[j]==wb[i]) 
{ 

} 

if(j<i) 
corn+=p[j]; 
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} 
} 

} 

itc=(com+p[i])*b[i]; 
for(j=O; j<N; j++) 
{ 

if(t[j]>O && wb[j]>wb[i]) 
{ 

itc+=p[i]*b[j]; 
} 

else if(t[j]>O && wb[j]==wb[i]) 
{ 

} 

if(j>i) 
{ 

itc+=p[i]*b[j]; 
} 

ncc=rec-itc; 
sigma[i]=ncc; 
} 

II FUNCTION TO CALCULATE ET-PENALTY 
long int et_penalty() 
{ 

int com_early=O; long int cost=O;long int e cost=O; int 
ttemp [N]; 

} 

for(int j=O; j<N; j++) 
{ 

} 

if (e [ j] >0) 
{ 

} 

com early+=p[j]; 
e_cost+=(d-com_early)*a[j]; 

cost=e cost; 

return cost; 

II CALCULATES CHANGE IN COST FOR MOVING A JOB TO TARDT SET 
int change_in_cost(int *el, int *tl) 
{ 

int rec=O, itc=O, dtc=O, iec=O, com=O, comp=O, compl=O, 
coml=O; 
for(int j=O; j<i; j++) 
JOBS BEFORE i IN EARLY 
{ 

if(el[j]>O) 
{ 

I* REDUCTION IN EARLY PENALTY FOR 
SET 
II EARLY COST OF i 
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rec+=p[i]*a[j]; 
} 

} 

for(j=i+l; j<N; j++) 
{ 

} 

if(el[j]>O) 
coml+=p[j]; 

rec+=(coml)*a[i]; 

for(j=O; j<N; j++) /* COMPLETION TIME FOR JOBS BEFORE ~ 
IN TARDY SET 
{ 

} 

if(tl[j]>O && wb[i]>wb[j] && j!=m) 
{ 

com+=p[j]; 
} 

else if(tl[j]>O && wb[i]==wb[j] && j!=m) 
{ 

if(j<i) 
com+=p[j]; 

} 

itc=(com+p[i])*b[i]; //TARDY COST OF i 

for(j=O; j<N; j++) /* INCREASE IN TARDY COST FOR JOBS 
AFTER i IN TARDY SET */ 
{ 

} 

if(tl[j]>O && j!=m && wb[j]>wb[i]) 
{ 

itc+=p[i]*b[j]; 
} 
else if(tl[j]>O && wb[j]==wb[i] && j!=m) 
{ 

if(j>i) 
itc+=p[i]*b[j]; 

} 

for(j=O; j<m; j++) // iNCREASE IN EARLY COSTS FOR MOVING m 
FROM TARDY SET 
{ 

} 

if(el[j]>O && j!=i) 
{ 

iec+=p[m]*a[j]; 
} 

for(j=m+l; j<N; j++) 
{ 
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} 

} 

if(e1[j]>O && j!=i) 
{ 

comp1+=p[j]; 
} 

iec+=(compl)*a[m]; 
for(j=O; j<N; j++) II DECREASE IN TARDY COSTS FOR MOVING m 
{ 

} 

if(t1[j]>O && wb[j]<wb[m] && j!=m) 
{ 

comp+=p[j]; 
} 

else if(t1[j]>O && wb[j]==wb[m] && j!=m) 
{ 

} 

if ( j<m) 
comp+=p[j]; 

dtc=(comp+p[m])*b[m]; 
for(j=O; j<N; j++) 
{ 

if(t1[j]>O && wb[j]>wb[m]) 
{ 

dtc+=p[m]*b[j]; 
} 

else if(t1[j]>O && wb[j]==wb[m] && j!=m) 
{ 

} 

if ( j>m) 
dtc+=p[m]*b[j]; 

} 
delta[m]=rec+dtc-itc-iec; 
return delta [m] ; 

II SIMULATED ANNEALING 
void early_swap() 
{ 

float temperature=20.0; 
float r=0.7; 
int iter=-1; 
int max; 
int reg=O; 
while (1) 
{ 

if (iter>= (N-1)) 
{ 

temperature=r*temperature; 
iter=-1; 
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} 

if(temperature<=(float)1) 
break; 

if(reg>=2*N) 
break; 

for(i=O; i<N; i++) 
{ 

} 

sigma[i]=-99999; 
temp[i]=-9999; 

for(i=O; i<N; i++) 
{ 

iter++; 
sigma[i]=-99999; 
temp[i]=-9999; 
for(int j=O; j<N; j++) 
{ 

delta[j]=-99999; 
eta[j]=-9999; 

} 

if(e[i]>O) 
{ 

for(m=O; m<N; m++) 
{ 

if (t [m] >0) ' 
{ 

delta[m]=change_in_cost(e,t); 

} 
} 

} 
else 
{ 
delta[m]=-99999; 

II MOVE i TO TARDY SET 
int theta=construct initial solution(); - -
sigma[i]=delta[getmaxposi(de1ta,N)]; 
temp[i]=getmaxposi(delta,N); 
if(theta>=sigma[i] && alpha_sum-a[i]>=beta_sum) 
{ 

} 

sigma[i]=theta; 
temp[i]=-1; 

if(sigma[i]>=O && temp[i] !=-999) 
{ 

reg=O; 
if(temp[i] !=-1) 
{ 

e[i]=-1; 
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} 

} 

e[temp[i]]=temp[i]+1; 
t[i]=i+1; 
t[temp[i]]=-1; 
d+=(p[temp[i]]-p[i]); 
et-=sigma[i]; 
alpha sum-=(a[i]-a[temp[i]]); 
beta_sum+=(b[i]-b[temp[i]]); 

if (temp [i] ==-1) 
{ 

} 

e[i]=-1; 
t[i]=i+1; 
d-=p[i]; 
alpha sum-=a[i]; 
beta_sum+=b[i]; 
et-=sigma[i]; 

if(sigma[i]<O && temp[i] !=-999) 
{ 

float random n= (float) (rand() /32767. 0); 
float probability=(float) (exp(sigma[i]/temperature)); 
if(probability>random_n) 
{ 

reg=O; 
if(et store>et) 
{ 

} 

for(int j=O; j<N; j++) 
{ 

} 

e store[j]=e[j]; 
t=store[j]=t[j]; 

d store=d; 
et store=et; 

if (temp [i]! =-1) 
{ 

} 

e[i]=-1; 
t[i]=i+l; 
e[temp[i]]=temp[i]+1; 
t[temp[i]]=-1; 
d+=(p[temp[i]]-p[i]); 
et-=sigma[i]; 

else if(temp[i]==-1) 
{ 

e[i]=-1; 
t[i]=i+1; 
d-=p [i]; 

81 



} 

et-=sigma[i]; 
} 

} 

else if(probability<=randorn_n) 
reg++; 

} II FOR e[i]>O 
else if(t[i]>O) 
{ 

II SWITCH THE JOB WITH EARLY SET 
II OR MOVE TO EARLY SET 
for(m=O; m<N; m++) 
{ 

} 

if(e[m]>O) 
{ 

eta[m]=change_in_cost1(e,t); 
} 
else 

eta[m]=-99999; 

sigma[i]=eta[getmaxposi(eta,N)]; 
temp[i]=getmaxposi(eta,N); 
int theta=construct initial solution1(); 

- -
if(theta>=sigma[i]) 
{ 

} 

sigma[i]=theta; 
temp[i]=-1; 

if(sigma[i]>=O && temp[i] !=-999) 
{ 

reg=O; 
if (temp [i]! =-1) 
{ 

} 

t[i]=-1; 
t[temp[i]]=temp[i]+1; 
e[i]=i+1; 
e[temp[i]]=-1; 
d-=(p[temp[i]]-p[i]); 
et-=sigma[i]; 
alpha sum+=(a[i]-a[temp[i]]); 
beta_sum-=(b[i]-b[temp[i]]); 

if (temp [ i ] == -1 ) 
{ 

t[i]=-1; 
e[i]=i+1; 
d+=p[i]; 
alpha_sum+=a[i]; 
beta_surn-=b[i]; 
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} 

et-=sigma[i]; 
} 

} 

if(sigma[i]<O && temp[i] !=-999) 
{ 

} 

float random n= (float) (rand() /32767. 0); 
float probability=(float) (exp(sigma[i]/temperature)); 
if(probability>randorn n) 
{ -

} 

reg=O; 
if(et store>et) 
{ -

} 

for(int j=O; j<N; j++) 
{ 

} 

e store[j]=e[j]; 
t store [ j] =t [ j] ; 

d_store=d; 
et_store=et; 

if (temp [i]! =-1) 
{ 

} 

t[i]=-1; 
e[i]=i+1; 
t[temp[i]]=temp[i]+1; 
e[temp[i]]=-1; 
d-=(p[ternp[i]]-p[i]); 
et-=sigma[i]; 

else if(temp[i]==-1) 
{ 

} 

t[i]=-1; 
e[i]=i+1; 
d+=p[i]; 
et-=sigma[i]; 

else if(probability<=random_n) 
reg++; 

} // for t[i]>O 
II printf("et anneal= %d, due date= %d\n", et,d); 
//for(int z=07 z<N; z++) 
//printf("e[%d]= %d t[%d]=%d\n",z+1,e[z],z+1,t[z]); 

} // LOOP FORi ENDS HERE 
} // END OF WHILE LOOP 
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II CALCULATES COST FOR TARDY SET 
int tardy costs() 
{ -

} 

int c=O, tardy cost=O; 
for(int j=N; j<=O; j--) 
{ 

} 

if ( t [ j ] >= 0 ) 
{ 

} 

c+=p[j]; 
tardy_cost+=(c*b[j]); 

return tardy_cost; 

II GENERATES INITIAL SOLUTION BY MOVING JOB FROM EARLY SET 
int construct initial solution() 
{ - -

int rec, corn, itc, nee, cornl; 
rec=O; corn=O; itc=O; ncc=O; cornl=O; 

if (e [ i] >0) 
{ 
for(int j=O; j<i; j++) I* REDUCTION IN EARLY COST FOR 
MOVING JOB i FROM EARLY SET *I 
{ 
if(e[j]>O) 

rec+=p[i]*a[j]; 
} 
for(j=i+l; j<N; j++) 
{ 

} 

if(e[j]>O) 
{ 

cornl+=p[j]; 
} 

rec+=cornl*a[i]; 

for(j=O; j<N; j++) I* INCREASE IN TARDY COST FOR 
MOVING i *I 
{ 

if(t[j]>O && wb[j]<wb[i] && i!=j) 
{ 

corn+=p[j]; 
} 
else if(t[j]>O && wb[j]==wb[i] && i!=j) 
{ 
if(j<i) 

corn+=p[j]; 
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} 

} 

} 

} 
} 

ite=(eom+p[i])*b[i]; 

for(j=O; j<N; j++) 
{ 

if(t[j]>O && wb[j]>wb[i]) 
{ 

ite+=p[i]*b[j]; 
} 

else if(t[j]>O && wb[j]==wb[i]) 
{ 

} 

if(j>i) 
ite+=p[i]*b[j]; 

nee=ree-ite; 

return nee; 

/* FUNCTION TO CALCULATE CHANGE IN COST FOR MOVING m FROM 
TARDY SET AND i FROM EARLY SET */ 
int ehange_in_eostl(int *el, int *tl) 
{ 

int ree=O, ite=O, dte=O, iee=O, eom=O, eomp=O, eompl=O, 
eoml=O; 
for(int j=O; j<m; j++) 
{ 

} 

if(el[j]>O) 
{ 

ree+=p[m]*a[j]; 
} 

for(j=m+l; j<N; j++) 
{ 

if(el[j]>O) 
eoml+=p[j]; 

} 
ree+=(eoml)*a[m]; 
for(j=O; j<N; j++) 
{ 

if(tl[j]>O && wb[m]>wb[j] && j!=i) 
{ 

eom+=p[j]; 
} 
else if(tl[j]>O && wb[m]==wb[j] && j!=i) 
{ 

if ( j<m) 
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com+=p[j]; 
} 

} 

itc=(com+p[m])*b[m]; 

for(j=O; j<N; j++) 
{ 

if(tl[j]>O && j!=i && wb[j]>wb[rn]) 
{ 

itc+=p[m]*b[j]; 
} 

else if(tl[j]>O && wb[j]==wb[m] && j!=i) 
{ 

} 
} 

if ( j>m) 
itc+=p[m]*b[j]; 

for(j=O; j<i; j++) 
{ 

} 

if(el[j]>O && j!=m) 
{ 

iec+=p[i]*a[j]; 
} 

for(j=i+l; j<N; j++) 
{ 

if(el[j]>O && j!=m) 
{ 

compl+=p[j]; 
} 

} 
iec+=(compl)*a[i]; 

for(j=O; j<N; j++) 
{ 

if(tl[j]>O && wb[j]<wb[i] && j!=m) 
{ 

comp+=p[j]; 
} 
else if(tl[j]>O && wb[j]==wb[i] && j!=m) 
{ 

} 

if(j<i) 
comp+=p[j]; 

} 
dtc=(comp+p[i])*b[i]; 
for(j=O; j<N; j++) 
{ 

if(tl[j]>O && wb[j]>wb[i] && j!=m) 
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} 

} 

{ 

} 
dtc+=p[i]*b[j]; 

else if(tl[j]>O && wb[j]==wb[i] && j!=rn) 
{ 

} 

if(j>i) 
dtc+=p[i]*b[j]; 

delta[rn]=rec+dtc-itc-iec; 
return delta [rn]; 

II GENERATING INITIAL SOLUTION BY MOVING TARDY JOBS 
int construct_initial_solutionl() 
{ 

int rtc, com, iec, nee, coml; 
rtc=O; com=O; iec=O; ncc=O; coml=O; 

if(t[i]>O) 
{ 

for(int j=O; j<N; j++) 
{ 
if(t[j]>O && wb[i]<wb[j] && j!=i) 
{ 

rtc+=p[i]*b[j]; 
} 

else if(t[j]>O && wb[i]==wb[j] && j!=i) 
{ 

} 
} 

if(j>i) 
rtc+=p[i]*b[j]; 

for(j=O; j<N; j++) 
{ 

if(t[j]>O && wb[i]>wb[j] && j!=i) 
{ 

coml+=p[j]; 
} 
else if(t[j]>O && wb[i]==wb[j] && j!=i) 
{ 

} 

if(j<i) 
coml+=p[j]; 

} 
rtc+=(coml+p[i])*b[i]; 
for(j=i+l; j<N; j++) 
{ 
if(e[j]>O) 

com+=p[j]; 
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} 

} 

} 

iee=eom*a[i]; 
for(j=O; j<i; j++) 
{ 

} 

if(e[j]>O) 
iee+=p[i]*a[j]; 

nee=rte-iee; 

return nee; 

II GENERATES RANDOM INITIAL SOLUTIONS 
void generate initial solution() 
{ - -

} 

int set[N], state=1, ran; 
for(int j=O; j<N; j++) 

set[j]=p[j]; 
for(j=O; j<N; j++) 
{ 

while(1) 
{ 

} 

ran=(int)random(N); 
if(set[ran]>O) 

break; 

if ( state==1) 
{ 

e[ran]=ran+1; 
t[ran]=-1; 
set[ran]=-1; 
alpha_sum+=a[ran]; 
d+=p [ran] ; 
state=O; 

} 
else 
{ 

} 

e[ran]=-1; 
t[ran]=ran+1; 
set[ran]=-1; 
beta_sum+=b[ran]; 
state=1; 

} 
et=penalty_of_generated_solution(); 

II CALCULATES PENALTY FOR RANDOMLY GENERATED SOLUTION 
long int penalty_of_generated_solution() 
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{ 

} 

int com early=O; long int e cost=O; 
long int t cost=O; long int-cost=O; int eq; 
for(int j=O; j<N; j++) 
{ 

if(e[j]>O) 
{ 

} 

com_early+=p[j]; 
e_cost+=(d-com_early)*a[j]; 

else if(t[j]>O) 
{ 

int com_tardy=O; 
for(int o=O; o<N; o++) 
{ 

if(wb[o]<wb[j] && t[o]>O && o!=j) 
{ 

com_tardy+=p[o]; 
} 

else if(wb[o]==wb[j] && t[o]>O && o!=j) 
{ 

} 

if (o<j) 
com_tardy+=p[o]; 

} 

t_cost+=(com_tardy+p[j])*b[j]; 
} 

cost=e cost+t cost; - -
return cost; 

} 

I* FUNCTIONS TO SORT ARRAYS AND RETURN MAXIMUM VALUES AND 
INDEX AT WHICH MAX OCCURS *I 

II RETURNS INDEX OF MAXIMUM FLOAT ARRAY 

int getmaxposf(float *array, int size) 
{ 

int i,maxpos; 
float max; 
max=array[O]; maxpos=O; 
for(i=O;i<size;i++) 
{ 

if(array[i]>max) 
{ 

maxpos=i; 
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max= array[i]; 
} 

} 

return rnaxpos; 
} 

I* RETURNS INDEX OF MAXIMUM OF A FLOAT ARRAY *I 

int getmaxposi(int *array, int size) 
{ 

} 

int max,i,maxpos; 
max=array[O]; maxpos=O; 
for(i=O;i<size;i++) 
{ 

} 

if(array[i]>max) 
{ 

maxpos=i; 
max= array[i]; 

} 

return maxpos; 

I* RETUNS INDEX OF MINIMUM OF AN INTEGER ARRAY *I 

int getminposi(int *array, int size) 
{ 

} 

int min, i, minpos; 
min=array[O]; minpos=O; 
for(i=O;i<size;i++) 
{ 

} 

if(min>array[i]) 
{ . . 

m~npos=~; 

min= array[i]; 
} 

return minpos; 

I* RETURNS INDEX OF THE MINIMUM OF A FLOAT ARRAY *I 

int getminposf(float *array, int size) 
{ 

int i, minpos; 
float min; 
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} 

min=array[O]; minpos=O; 
for(i=O;i<size;i++) 
{ 

} 

if(min>array[i]) 
{ 

minpos=i; 
min= array[i]; 

} 

return minpos; 

/* SORTS INTEGER ARRAY IN DESCENDING ORDER */ 

void descendi(int *array, int size) 
{ 

} 

int i,j,temp; 
for(i=O;i<size;i++) 
{ 

} 

for(j=O;j<size;j++) 
{ 

} 

if(array[j]<array[i]) 
{ 

} 

temp=array[j]; 
array[j]=array[i]; 
array[i]=temp; 

/* SORTS FLOAT ARRAY IN DESCENDING ORDER */ 

void descendf(float *array, int size) 
{ 

int i,j; 
float temp; 
for(i=O;i<size;i++) 
{ 

for(j=O;j<size;j++) 
{ 

if(array[j]<array[i]) 
{ 

} 

temp=array[j]; 
array[j]=array[i]; 
array[i]=temp; 
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} 
} 

} 

I* SORTS INTEGER ARRY IN ASCEDING ORDER *I 
void ascendi(int *array, int size) 
{ 

} 

int i,j,temp; 
for(i=O;i<size;i++) 
{ 

} 

for(j=O;j<size;j++) 
{ 

} 

if(array[j]>array[i]) 
{ 

} 

temp=array[j]; 
array[j]=array[i]; 
array[i]=temp; 

I* SORTS FLOAT ARRAY IN ASCENDING ORDER *I 

void ascendf(float *array, int size) 
{ 

} 

int i,j; 
float temp; 
for(i=O;i<size;i++) 
{ 

} 

for(j=O;j<size;j++) 
{ 

} 

if(array[j)>array[i]) 
{ 

} 

temp=array[j]; 
array[j]=array[i]; 
array[i]=temp; 
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I* RANDOM NUMBER GENERATOR */ 

#define M1 259200 
#define IA1 7141 
#define IC1 54773 
#define RM1 (1.0/M1) 
#define M2 134456 
#define IA2 8121 
#define IC2 28411 
#define RM2 (1.0/M2) 
#define M3 243000 
#define IA3 4561 
#define IC3 51349 

float ran1(int idum) II IDUM IS SEED 
{ 

} 

static long ix1, ix2, ix3; 
static float r[98]; 
static float temp; 
static int iff=O; 
int J; 
int seed; 

I* THIS LOOP IS EXECUTED WHEN SEED IS NEGATIVE *I 
if(idum < 0 I I iff== 0) { 

iff=1; 
ix1=(IC1-(idum)) % M1; 
ix1=(IA1*ix1+IC1) % M1; 
ix2=ix1 % M2; 
ix1=(IAl*ix1+ICl) % M1; 
ix3=ix1 % M3; 
for(j=1; j<97; j++) { 

ix1=(IA1*ix1+IC1) % M1; 
ix2=(IA2*ix2+IC2) % M2; 
r[j]=(ix1+ix2*RM2)*RM1; 

} 
idum=seed; 

} 
ix1=(IA1*ix1+IC1) % M1; 
ix2=(IA2*ix2+IC2) % M2; 
ix3=(IA3*ix3+IC3) % M3; 
j=l + ((97*ix3)IM3); 
temp=r[j]; 
r[j]=(ix1+ix2*RM2)*RM1; 
return temp; 
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