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ABSTRACT

Scheduling allocates workloads to specific work centers and determining the
sequence in which the operation are to be performed. Parallel machine Scheduling
involves Scheduling of independent jobs on parallel machines with the objective
of minimizing the maximum flow time. Work flow is used to distribute the
workloads among the machines to reduce the idle time. The machine with
maximum workload is the bottleneck present in a system .The presence of
bottleneck prevents the system from achieving high throughput. Thus the work
flow balancing is used to remove the bottleneck available in the system. In this
work an attempt is made to reduce the bottleneck using PSO. And is compared
with longest processing time shortest processing time and random. The PSO
Provides the better performance and the computer program has been coded for
validation in standard manufacturing environment on an IBM/PC compatible
system in the ‘C’ language. The performance of PSO and Relative percentage of
Imbalance (RP1) is used as a parameter to analyze the performance of particles
swarming algorithm. The particle swarm optimization algorithm was introduced to
study social and cognitive behavior, but it has been largely applied as a problem-
solving technique in engineering and computer science. There are two main types
of information available to each individual of the population. The first is their own
past experiences, and the second is the knowledge about how individuals around
them have performed. The updating of velocity and adding with the current value

give the minimum value of imbalance in work flow.
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INTRODUCTION



CHAPTER 1

INTRODUCTION

1.1 INTRODUCTION

In our day-to-day life time is an important constraint. Every human being in this
world plans or schedules their activities according to the time given to them. Planning
activities and working according to it leads to a bright future. Engineering is a wide
area where planning activities solve many problems such as more time consumption,
delivery of products within due date, high penalty costs, scale of production ete.
Planning activities and scheduling are considered as the tracks of a train. Most
industrial application deals with the scheduling problems like improper workflow
balance, high makespan, increased flow time and lateness. Many heuristic or
traditional techniques are available to solve the above said problems. The heuristic or
traditional approaches consume more time when implemented for large number of
unscheduled work or tasks. To rectify this problem there are many non-traditional
techniques, which in combination with Information Technology produces optimum
results. Moreover in heuristic procedures the objective function will be single 1.¢..
makespan minimization or reduction in penalty cost or balancing workflow or
reduction in idle time etc. particles Swarming is a technique, which gives best results

for multilevel objective function.

1.2 SCHEDULING

Scheduling is a decision-making process that plays an important role in most
manufacturing and service industries. It is used in procurement and production, in
transportation and distribution. and in information processing and communication.
The scheduling function in a company uses mathematical techniques or heuristic
methods to allocate limited resources to the processing of tasks. A proper allocation of
resources enables the company to optimize its objectives and achieve its goal.
Resources may be machines in a workshop, runways at an airport, crews at a

construction sites. or takeoffs and landings at an airport. stages in a construction



Each task may have a priority level, an earliest possible starting time to complete all

tasks or minimizing the number of tasks completed after their committed due dates.

1.2.1 Example
A System Installation Project:

Consider the procurement, installation, and testing of a large computer system. The
project involves a number of distinct tasks, including evaluation and selection of
hardware, software development, recruitment and training of personnel, system
testing, and system debugging. A precedence relationship structure exists among all
these tasks: some can be done in parallel, whereas others cannot start until certain

prior tasks are completed. The goal 1s to complete the entire project in minimum time.

Scheduling not only provides a coherent process to manage the project but also
provides a good estimate for its completion time, reveals which tasks are critical and

determines the actual duration of the entire project.

1.3 SCHEDULING MODELS

The study of scheduling models contain the elements and relationships that frequently
arise in scheduling problems, and they also suggest how feasible solutions are
systematically be constructed. Format models are available to aid decision-making in
a variety of scheduling problems. For example, one of the simplest and most widely
used models is the Gantt chart, which is a graphical representation of scheduling
relationships. In its basic form the Gantt chart is a graph of resource allocation over
time. Generally, specific resources are shown in vertical axis, and a time scale is

shown 1n horizontal axis, as in Figure 1.1.

In this concise format, analysis of the graphical relationships can yield inferences
about the behavior of the given schedule, while manipulation of the graphical

elements can yield comparative information about alternative scheduling decisions.

In this way, the Gantt chart serves as a focus for implementing the system approach in
scheduling. The scheduling models are inherent in the systems approach and provide

a direct decision-making method when the systems approach is utilized. When a



the scheduling function. It is the theory of scheduling that has developed this type of
model, providing a useful framework for performing the scheduling function

effectively.

Resource 1

Y

A\ 4

Resource 2

Resource 3

v

FIGURE 1.1 GANTT CHART FOR SCHEDULING 4 JOBS ON 3 RESOURCES.

In Figure 1.1, the resources used are called machines; the basic task schedules are
called jobs. Sometimes, jobs may consist of some elementary tasks that are
interrelated by precedence restrictions; such elementary tasks are referred to as

operations.

The pure sequencing problem is a specialized scheduling problem in which an

ordering of the jobs completely determines a schedule.

Moreover, the simplest pure sequencing problem is one in which there is a single
resource, or machine. The basic single-machine problem is characterized by these

conditions.

1. A set of ' independent, single-operation jobs is available for processing at time



2. Setup times for the jobs are independent of job sequence and can be included in
processing times.

3. Job descriptors are known in advance.

4. One machine is continuously available and is never kept idle while work 1s
waiting.

5. Once processing begins on a job, it is processed to complete without interruption.

Under these conditions, there is one-to-one correspondence between a sequence of the
'n' jobs, and a permutation of the job indices 1, 2, 3, n. The total number of distinct
solutions to the basic single-machine problem is therefore n! which is the number of

different permutations of ‘n’ elements.

1.4 TERMINOLOGIES USED

Three basic pieces of information that help to describe jobs in the deterministic

single-machine case are:

Processing time (p;;): The processifg time 'py’ represents the time job 'j' has to spend
on machine '1'. The subscript ' is omitted if the processing time of job ' does not

depend on the machine or if it needs processing on only one machine.

If a number of identical jobs need a processing time 'p;' on one machine, then these
jobs are referred as items of type 'j'. The machine's production rate of type 'y’ items is

then denoted by q; = 1/p;.

Ready time (rj): The point in time at which job °j” is available for processing. That is.
it is the time the job arrives at the system, i.e., the earliest time at which job j' can

start its processing. This is also called as release time.

Due date (d;}: The point in time at which the processing of job ' is due to be
completed. That is, the due date 'dj' of job ' represents the committed shipping or
completion date (the date the job is promised to the customer). Completion of a job
after its due date is allowed, but a penalty is then incurred. A deadline 1s a due date

absolutety must be sent.



Weight (wj): The weight 'wj' of job 'J' is a priority factor, denoting the importance of
job " relative to other jobs in the system. It may represent the cost of keeping the job

in the system. The weight can be a holding or inventory cost, or it can be the amount

-iveady added to the job.
Acc. N, . P 22 " they do not depend on the schedule.
T et . L
itle %m i*}; ’ J Bor (03) but that do depend on the schedule are
....................... ..u

............................. € 'Cyj’ is the time job ' is completed on

en 'Cy' refers to the time job '}’ leaves the

spends in the system.

vhich the completion time of job " exceeds its

L]

3s 1 if it fails to mect its due datc. or zero

Schedules are g... by aggregate quantities that involve information
about all jobs, resulting in one-dimensional performance measures. Mcasures of
schedule performance are usually functions of the set of completion times in a
schedule. For example, suppose that m' jobs are to be scheduled. Aggregate

performance measures that might be defined include the following:

Mean flow time: Fuean =1/ X F;, j=1ton
Mean tardiness: Trean= 1/ 2T, j=1ton
Maximum flow time: Fn,.=max {F;}, j=1ton
Maximum tardiness: T, = max {T;}. j=1ton
Number of tardy jobs: Ny=X & (T)). where d (X)=11ifx> 0:

and ¢ (x) = 0 otherwise.



1.5 MACHINE CONFIGURATIONS

Scheduling models are often characterized by the machine configuration, the
processing restrictions and constraints, and the objectives. There are many important

machine configurations. This section describes the most basic ones.

1.5.1 Single-Machine Models

Numerous production systems give rise to single-machine models. For instance, if a
single bottleneck occurs in a multiple-machine environment, then the job sequence at
the bottleneck typically determines the performance of the entire system. In this case
all upstream and downstream operations are scheduled after the bottle-neck is
scheduled. This approach implies that the original problem first has to be reduced to a
single-machine scheduling problem. Single-machine models are also important in
decomposition approaches, where scheduling problems in complicated environments

are broken down into a number of smaller, single-machine scheduling problems.

1.5.2 Paralle)-Machine Models

Jobs-to-machine assignment is based on several factors, such as precedence,
availability, production rate, machine suitability (processing plan) and workload

balancing with reference to the objective function.

Researchers have addressed parallel machine scheduling problems with many variant
approaches. More objective functions are considered to obtain an efficient schedule

for scheduling problems.

The number of machines is denoted by m and number of jobs by ‘n’. Each job is

indicated by its processing time p;ywhere j=1,2,3... n.

1.5.3 Flow Shop Models

In many manufacturing or assembly environments, jobs have to undergo multiple

operations on a number of different machines.

If the routes of all jobs are identical, that 1s, all jobs visit the same machines in the

same order; the environment is referred to as a flow shop. The machines are set up in



since jobs may be resequenced between machines. However, if a material-handling
system transports the jobs from one machine to the next, then the same job sequence

is maintained throughout the system.

In some flow shops, if a job does not need processing at a particular machine, it may
bypass that machine, and go ahead of the jobs being processed or waiting for

processing there. Other flow shops, however, do not allow bypass.

A generalization of the flow shop is the flexible flow shop, which consists of a
number of stages in series with a number of machines in parallel at each stage. Jobs

are processed at each stage on any one of the parallel machines.

1.5.4 Job Shop Models

In multi operation shops jobs often have different routes. This environment is referred
to as a job shop, which 1s a generalization of a flow shop. (A flow shop is a job shop

in which each and every job has the same route).

The simplest job shop models assume that a job may be processed on a particular
machine at most once on its route through the system. In others a job may visit a

given machine several times on its route through the system.

These shops are said to be subject to recirculation, which significantly increases the

complexity of the model.

A generalization of the job shop is the flexible job shop with work centers that have
multiple machines in parallel. From a combinatorial point of view, the flexible job
shop with recirculation is the most complex machine environment, and is very

common in the semiconductor industry.

1.6 PARALLEL-MACHINE MODELS

A bank of machines in parallel is a generalization of the single-machine model. Many
production environments consist of a number of stages or work centers, each with a

number of machines in parallel.



The machines at a work center may be identical so that whenever a job arrives, it may
be processed on any one of the available machines. Parallel-machine models are
important for the same reason that single-machine models are important: if one
particular work center is a bottleneck, then the schedule at that work center will
determine the performance of the entire system. That bottleneck can be modeled as a

bank of parallel machines and analyzed on its own.

At times the machines in parallel may not be identical. Some machines may be older
than others and may operate at a lower speed, or one machine may be better
maintained and able to do higher-quality work than another. In this case some jobs
may be processed only on any of the ‘'m’ machines in parailel, while others may be
processed only on a specific subset of the ‘m’ machines. When the machines are
people, then the processing time of an operation may depend on the job as well as on
the operator. One operator may excel in one type of job, whereas another operator

may specialize in another type of jobs.

1.7 BASIC DISPATCHING RULES

A dispatching rule is a rule that prioritizes all the jobs that are waiting for processing
on a machine. The prioritization scheme may take into account the jobs' attributes and
the machines' attributes, as well as the current time. Whenever a machine has been
freed, a dispatching rule inspects the waiting jobs, and selects the job with the highest

priority.

Dispatching rules can be classified in various ways. For example, a distinction can be
made between static and dynamic rules. Static rules are not time-dependent. They are
just a function of the job data, the machine data, or both. Dynamic rules, on the other

hand, are time-dependent.

A second way of classifying dispatching rules is according to the information they are
based on. A local rule uses only information pertaining to either the queue where the
job is waiting or machine where the job 1s queued. A global rule may use information
pertaining to other machines, such as the processing time of the job on the next

machine on its route or the current queue length at that machine. Some of the rules are



SIRO (Service in random order) rule: According to this rule, whenever a machine

is freed, the next job is selected at random from those waiting for processing.

ERD (Earliest release date first) rule: This rule is equivalent to the well-known

first-come-first-served rule.

EDD (Earliest due date first) rule: Whenever a machine is freed, the job with the

earliest due date is selected to be processed next.

MS (Minimum slack first) rule: This rule is a variation of the EDD rule. If a
machine is freed at time’t’, the remaining slack of each job at that time, defined as

max (d; — p; —t, 0), is computed. The job with the minimum slack is scheduled next.

WSPT (Weighted shortest processing time first) rule: Whenever a machine is

freed, the job with the highest ratio of weight over processing time is scheduled next.

LPT (Longest processing time first) rule: This rule orders the jobs in decreasing
order of their processing times. When there are machines in parallel, this rule tends to

balance the workload over the machines.

SST (Shortest setup time first) rule: Whenever a machine is freed, this rule selects

for processing the job with the shortest setup time.

LFJ (Least flexible job first) rule: Whenever a machine is freed, the job that can be
processed on the smallest number of other machines is selected, that is, the job with

the fewest processing alternatives.

CP (Critical path) rule: The CP is used when jobs are subject to precedence
constraints. It selects as the next job the one at the head of the longest string of

processing times in the precedence constraints graph.

LNS (Largest number of successors) rule: This rule may also be used when the jobs
are subject to precedence constraints. It selects as the next job the one that has the

largest number of jobs following it.



SQNO (Shortest queue at the next operation) rule: Whenever a machine is freed,
the job with the shortest queue at the next machine on its route is selected for

processing.

1.8 NON-TRADITIONAL TECHNIQUES

In the development of scheduling models more general than single-machine models,
the parallel machine scheduling represents the most direct extension of multiple-
resource situations. In general, solutions to parallel machine model problem appear to
require either combinatorial techniques that take advantage of special problem
structures or else clever heuristic methods. The effectiveness of any solution method
can be evaluated only on relative terms, on the basis of the availability of
computational resources and the acceptability of sub optimal results. From the above
statements we can say or conclude that parallel machine model requires some

computational techniques, which should be capable of giving optimal results.

Hence, we go for Particles Swarming Algorithm, it is one of the non-traditional
techniques, which gives optimal results for scheduling problems, is discussed in the

following sections.
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LITERATURE REVIEW 5 &/

LITERATURE REVIEW

Following are the overview of the relevant work done earlier related to the
identified problem and the methodology to be adopted to solve the chosen
problem for this work. This section describes the literature reviewed from various
research papers published in journals, proceedings of various conferences and

books.

Arunachalam.V.P, Rajakumar.S, and Selladurai.V. (2004), In this paper many
manufacturing environments, multiple processing stations are used in parallel to
obtain adequate capacity. In parallel machine scheduling there are “m’ machines
to which ‘n’ jobs are to be assigned based on different strategies. The procedure is
based on workload balancing among the machines. A Jowest workload of a
machine is selected for assignment of a new job from the list of unfinished jobs.
Different priority strategies are followed for the selection of jobs. Three different
strategies are considered, namely random (RANDOM), shortest processing time
(SPT), and longest processing time (LPT) for the selection of jobs for workflow
balancing. The relative percentage imbalance (RPI) is used to evaluate the

performance of the three. The LPT provides the better results.

Arunachalam.V.P, Rajakumar.S and Selladurai.V. (2005). In this journal the
assembly-planning of a textile machine in a shop floor which can help researchers
and practitioners. The assembly planning of a textile machine involves the
allocation of operations to cross-trained operators. Workflow is defined as the
workloads assigned to the operators. Operators with smaller workloads are
selected to be assigned new operations from the list of unscheduled operations.
Three different scheduling strategies — random (R). shortest processing time (S)

and longest processing time (L) — are adopted for the selection of operations to be

et X e et TV et cambinatinne af thece ctratecies are considered



percentage of imbalance is adopted for evaluating the performance of these
heuristics. The RL, SL, LL produced well balanced workload schedules with

tesser RPI values for all operators other than heuristics.

Arunachalam.V.P, Rajakumar.S and Selladurai.V. (2006).Here the genetic
algorithm (GA) is used to solve the parallel machine scheduling problem of the

manufacturing system with the objective of workflow balancing.

The performance of GA is compared with three workflow strategies namely
random (RANDOM), shortest processing time (SPT), and longest processing time
(LPT).

The relative percentage of imbalance (RPI) is used to evaluate the performance of
these heuristics. The GA provides the better performance for the combination of

various job sizes and machines .

Arunachalam.V.P, Rajakumar.S and Selladurai.V (2006). In this paper the
methodology is based on genetic algorithm (GA) to solve the parallel machine
scheduling problems with precedence constraints. Workflow balancing helps to
remove bottle-necks present in a shop floor yielding faster movements of
components or jobs. Multiple machines are used in parallel for processing the jobs
to meet the demand. In parallel machine scheduling with precedence constraints,
there is ‘m’ machines to which ‘n’ jobs are assigned using suitable scheduling
algorithms. Workflow of a machine is the sum of processing time of all jobs
assigned. All the preceding jobs are allocated first to satisfy the constraints. GA 1s
developed to solve parallel machine scheduling problems with precedence
constraints based on the objective of workflow balancing. The RPI in workloads
among the parallel machines is used to evaluate the performance of the GA
developed. The proposed GA produces lesser RPI values against the RANDOM

heuristics algorithm for a wider range of jobs and machines.

Asokan.P, Sachithanandam.M and Saravanan.R. (2001). This paper describes
various optimization procedures for solving the CNC turning problem to find the

optimum operating parameters such as cutting speed and feed rate. Total



as cutting force, power, tool-chip interface, temperature and surface roughness of
the product. Conventional optimization techniques and non-conventional
optimization techniques arc employed in this work. Results are compared and

their performances are analyzed .
Anand Kumar.P and Venketesan.R (2005).

This paper clearly explains the extrusion dies can be designed using non-
traditiona! optimization techniques. Upper bond solution is used for formulating
the mathematical equation for extrusion of a circular rod through a conical
converging die. The design problem is formulated as a constrained optimization

problem.

Simulated annealing algorithm is applied to minimize the extrusion force.

Extrusion load and power also determined and result are shown graphically .

Emin Aydin.M and Terence C. Fogarty (2004).In this paper, the simulated
annealing approach is applied to two-bicriteria scheduling problems on a single
machine. The first problem is the strongly NP-hard problem of minimizing total
flow time and maximum earliness. The second one is the NP-hard problem of
minimizing total flow time and number of tardy jobs. Different neighborhood
structures as well as other parameters of the simulated annealing approach are
experimented to improve its performance. The computational experiments show
that the developed approach yields solutions that are very close to lower bounds
and hence very close to the optimal solutions of their corresponding problems for
the minimization of total flow time and maximum earliness. For the minimization
of total flow time and number tardy, the experiments show that the simulated
annealing approach yields results that are superior to randomly generated

schedules [8].

Esin Onbasoglu and Linet Ozdamar (2001). In this paper Global optimization
involves the difficult task of the identification of global extremities of
mathematical function. Such problems are often encountered in practice in various

fields, such as molecular biology, physics. and industrial chemistry. In this work



we develop five different simulated annealing algorithms and compare them in

various solution approaches in global optimization.

Erin Ayden’s and Terence C. Fogarty (2004). In this paper, a parallel
implementation of the modular simulated annealing algorithm for classical job-
shop scheduling is presented. The implementation is for a multi agent system
running on the distributed resource machine, which is a novel, scalable,
distributed virtual machine based on Java technology. The problems tackled are
well known, difficult benchmarks, widely used to measure the efficiency of
metaheuristics with respect to both the quality of the solutions and the central
processing unit time. The empirical results obtained show that the method
proposed is successful in comparison with a sequential version of modular

simulated annealing algorithm .

Mohanasundaram.K.M , Suresh.R.K (2004 ).Here the real world scheduling
problems are multi objective in nature. The objective of such problems is to find a
set of Pareto solutions. In JSSP literature or the best solutions to the benchmark
problems are available for the makespan performance measure and for the other
performance measure. The major contribution of this paper is to present

computational results of flow time performance for the benchmark J SSPs.

Michael w.trosset (2001).In this paper the Simulated annealing was marketed as
a global optimization methodology that mimics the physical annealing process by

which molten substances cool to crystalline lattices of minimal energy .

Shiu-hong choi and james siu-hung lee (2004). In this paper the job sequencing
is an important stage in any hierarchical production control model. especially
when a real time dispatching rule is not employed. The problems become
complicated, when constraints such as different parts requiring different operation
processes at different machines. and with different production priorities. This
paper first describes a mathematical programming model developed for small

flexible manufacturing systems.,(FMS)} make span minimization sequencing
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each part type require different number of operation processes at different
machines.

Nick vagenas and Tony nuziale (2001). In this paper the test mining equipment
reliability assessment models based on genetic algorithms. Genetic algorithms are
powerful and broadly. applicable stochastic search technique based on the
principles of natural sclection, heredity and genetics. The reason for selecting
genetic algorithm is the fact that the reliability of mining equipment changes
overtime due to its dependence upon several covariates. These factors combine to

create a complex impact on an equipment reliability function
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CHAPTER 3

PROBLEM DEFINITION

3.1 PROBLEM DEFINITION

The parallel machine-scheduling problem deals with assigning of 'n' jobs on 'm’
machines. Each job has only one operation. The jobs may be assigned on any one
of the machines based on an objective function. Each job is indicated with the
processing time 'p;’ where j = 1, 2, 3 ... n. a machine can process only one job at
once. The objective of the problem is to minimize the maximum workload on

parallel machines.

Minimize
Winax . (3.1}
Subject to
n
X =1 k=1.2,3..m .. (3.2)
j=1
Wl\S Wmax k: 1,2,3 ... M P (3.3)
Xx€{0,1}k=1,2,3..m .. (3.4)
where
m Number of machines
n Number of jobs

Wi Workload of a machine
Wmax  Maximum workload
Xik 1 if job 'j' is assigned to

machine k' and 0 otherwise.



The equation (3.1) is used to minimize the maximum workload on parallel
machines. Workload of a machine is the sum of processing time of jobs assigned
to it. This objective is used to obtain the optimum utilization of machines. This

objective also ensures the earliest completion of all jobs.

The constraint eguation (3.2) indicates that each job is scheduled only once on a
machine for processing. The constraint equation (3.3) defines the maximum
workload. The constraint equation (3.4) indicates the decision variable X' is

binary in overall domain.

3.2 OBJECTIVE

To reduce the imbalance of jobs among the machines using Simulated Annealing
Algorithm. Workflow balancing among parallel machine is essential to maximize
the optimum uses of the resources. It helps to remove the bottleneck present in a
manufacturing system to improve the throughput. Workflow refers to the
workloads of the machines. Workload of a machine is the sum of processing time
of all jobs assigned to it. Idle time 1s not considered for calculatiﬁg the workflow.
A machine with the lowest workload is selected for assigning a new job from lists

of jobs. Many heuristics are available to prepare the lists of jobs.

A Particles Swarming algorithm (PSA) is used to prepare the list of jobs to be
assigned. The performance of PSO is compared with three workflow balancing
strategies are random (RANDOM), Shortest Processing Time (SPT), and Longest
Processing Time (LLPT). The jobs are assigned to parallel machines to minimize
the imbalance in workloads. The minimum imbalance in workloads ensures
balanced workflow among the machines. The Relative Percentage of Imbalance
(RPI) is adopted among the parallel machines for evaluating the performance of
the heuristics 1o a standard manufacturing environment. A computer program will
be coded on an IBM/PC compatible system in the °‘C’ language for

experimentation to a standard manufacturing system environment in operation.
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CHAPTER 4

METHODOLOGY

4.1 STEPS TO BE FOLLOWED

The parallel machine scheduling problem consists of a set of ‘m’ machines

M, i=1, 2, 3...m and a set of ‘n” jobs J; j=1, 2, 3...n. Job J; requires processing
time P; and it can be processed on any one of the machines. A machine can
process only one job at a time. The machine M; with less cumulative workload
will be selected for assigning a job from the list. The workload W; of i machine
(M) is calculated by summing up of processing time of all jobs assigned to it. The
list of jobs is prepared using RANDOM, SPT, LPT, and PSO. The workload

allocation algorithm is described below:

Step 1: Find out the cumulative workload W; of each machine, i.e., sum of ali

processing time of jobs assigned to i ™ machine.

Step 2: Select a machine M; with smaller cumulative workload W; among ‘m’

machines available.

Step 3: Assign job J; from the list of jobs prepared using RANDOM, SPT. LPT,
and PSO to the machine M;.

Step 4: Repeat Steps 1 to 3 until all the jobs from the list are assigned.

4.2 PARTICLES SWARMING ALGORITHM

The particles swarm optimization algorithm was introduced to study social and
cognitive behavior, but it has been largely applied as a problem-solving technique
in engineering and computer science. There are two main version of the PSO
algorithm: binary and a real valued version. With the exception of the
representation, the two version of the algorithm are very much the same. thus only

the real valued version will be discussed here.



The particles swarm approach assumes a population of individuals represented as
binary strings or real valued vectors-particles, which suffer an iterative procedure
of adapt ion to their environment, It also assumes that these individuals are social,
which implies that they are capable of interacting with other individuals with a

given neighborhood.

There are two main types of information available to each individual of the
population. The first is their own past experience PSO algorithm is not only a tool
for optimization, but also a tool for representing sociocognition of human and
artificial agents, based on principles of social psychology. Some scientists suggest
that knowledge is optimized by social interaction and thinking is not only private
but also interpersonal. PSO as an optimization tool provides a population-based
search procedure in which individuals called particles change their position (state)

with time.

In a PSO system, particles fly around in a multidimensional search space. During
flight, each particle adjusts its position according to its own experience, and
according to the experience of a neighboring particle, making use of the best

position encountered by itself and its neighbor.

Thus, as in modern GA and mimetic algorithms, a PSO system combines local
search methods with global search methods, attempting to balance exploration and

exploitation

When dealing with complex optimizations problems, evolutionary computation
techniques have proven very helpful. Amongst optimization algorithms driven by
evolutionary computation techniques, particle swarm algorithms have proven to
be a very good alternative to genetic algorithms because of their faster

convergence.
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4.3 PROGRAM OF PARTICLE SWARMING

#include<stdio.h>

#inchude<conio.h>

#include<stdlib.h>

#include<math.h>

#defineN M 3

#define schd cnt 4

#defineN J 9

void xsort(void});

//global variables

nt

wrk{schd ent}[100][N_J},i,j,k.,rand} rand2,wrk_cnt=0,s_or[3].max,p_chl[schd_cn
t}[100],p_ch2[schd_cnt]{100];

int pail=2,pai2=2,vi,g bst_run[2],]_bst_run|2],run cnt;
double avg_rpi[schd_cnt]{100],1_bst,g_bst,v;

double

vell{schd cnt]={1.5,0.41},vel2[schd cnt]={0.9,0.74}, vel3[schd cnt]={0.8,0.73},
veld[schd ent]={0.55,0.71};

int wrk_wt[N J]={92,411,158,359.550,9,716,724,745,};
int p_time[N_J]={6.4,7.2,3,8,1,9,3};

int m_proc_time[N_M];

void main()

{

clrser();

fifirst schedule
wrk[0][0][0]=2;
wrk[0][0){1]=1;
wrk[0][0}{2]=8;
wik[0][0][3]=5;
wrk[0J[0][4}=7;
wrk[0][0][5]=0;
wrk[0][0][6]=4:
wrk{0][O}[7]=6;
wrk[O{O}[8]=3;
/{second schedule
wrk[1][0][01=8;
wrk[1}[0][1]=0;
wrk[1][0][2]=2;
wrk[1][0][3]=3;
wrk[1]{0][41=7;
wrk[1][0][5]=4;
wrk[1][0][6]=5:
wrk[1][0][7]=6:
wrk[1][0]{8]=1:
/{Third scedule
wrk[2]10}[0]=5;



wrk[21[0][3]=7;
wrk[2]{0][4]=0;
wrk[2]{0]{5]=1;
wrk[2][0][6]=6;
wik[2][0][7]=4;
wrk[2][0][8]=3;

//Fourth schedule
wrk[3][0][0]=8;
wrk[3][0][1]2;
wrk[3]012]=0;
wrk[3][0][3}=3;
wrk[3]{0]{41=4;
wik[3][O}[S]=1;
wrk[3][0][6]=7;
wrk[3]{0][7]=5;
wrk[3][0][8]=6;

wrk _cnt=0;
for(iii=0;iii<schd_cnt;iii-++)
p_chl[iii]fwrk_cnt]=p_ch2[iti]{wrk_cnt]=0;
for(jjj=0;p5j<schd_cnt;jjj++)
{

for(iii=0;iii<N_J:iii++)
printf("%d ", wrk[j)}wrk_cnt]fiii])
printf("\n");

!

calc_rpi(wrk_cnt);

1 bst=g_bst=1;
for(iii=0;iii<schd_cnt;iii++)
{

if(avg_rpi{ni}[wrk_cnt] < g_bst}
{

g bst=avg_rpifiii}[wrk_cnt]:
g bst_runf[0]=1i1;

g bst runfl]=wrk_cnt;

)

}

for(iii=0;111<schd _cnt;ii++)

if(avg_rpi[iii][wrk_cnt] > g_bst && avg rpifiii]{wrk_cnt} <1_bst)
{

I bst=avg_rpi[iii][wrk_cnt]:

1 bst_run[0]=tii;

1 bst_run[1]=wrk_cnt;

Iy

printf("\n%lf %lf",g_bst,]_bst):

printf("\ng_bst_pos is %d %d".g bst_run[0].g_bst_run[1]):
printf{"\nl_bst_pos is %d %d".l_bst_run[0].1_bst_runf1]);

getch();

K I N



/printf("%d",wrk_cnt);

p_chl[0][wrk_cnt]=0;

p_ch2[0][wrk cnt]=4;

p_chl[1][wrk cnt]=4;

p_ch2[1}[wrk_cnt}=1;

p_chi[2][wrk_cnt]=7;

p_ch2[2}[wrk_cnt]=4;

p_chl[31[wrk_cnt]=7;

p_ch2[3][wrk_ent]=2;

for(j3j=0;jjj<schd_cnt;jjj++)

for(iti=0;i11<N_J;iii++)

{

/printf("%d %d",p_chl[wrk_cnt],p_ch2[wrk_cnt]);
if(iii == p_chl1[jjj][wrk_cnt])

{

/{ printf("p_chl matched”);
wrk[jij][wrk_ent][iii]=wrk[jjj][wrk_cnt-1][p_ch2[jjj][wrk_cnt}];
/- printf("%d ", wrk[wrk_cnt]{1i]);

continue;

}

if(iii == p_ch2[jjj}[wrk _cnt]}
{

/1 printf("p_ch2 matched").
wrk[3jji[wrk_cnt}{iiij=wrk[jjj][wrk cnt-1}[p_chi[5j]iwrk_cnt]];
/1 printf("%d ", wrk[wrk_cntj[1]};

continue;

wrk{j3j][wrk_cnt}fiii}=wrk[jjj][wrk_cnt-1][zi1]:
h

printf("\n");

for(jjj=0;jji<schd_cnt;jjj++)

{

for(iii=0;i1i<N_J;iii++)

printf("%d ", wrk[jji}[wrk_cnt][1i}):
printf("\n");

h

getch();

calc rpi(wrk_cnt);

for(iii=0;iii<schd_cnt;iii++)

{

if(avg_rpifii]lwrk_cnt] < g_bst)
{

g bst=avg_rpi[iii]{wrk_cnt]:
g_bst_run[0}=iii;

g bst run[l1]j=wrk cnt;

3
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1 bst=avg_rpi[iii]{wrk_cnt];
1 bst_run[0]=iii;
1 bst_run[1]=wrk_cnt;

}

}

printf("\n%lf %lf",g_bst,]_bst);

printf{"\ng_bst_pos is %ed %d",g_bst_run[0},g_bst_run[1]});
printf("\nl _bst_pos is %d %d",]_bst_run[0],1_bst_run[1]};
getch();

/*

if(avg_rpi[wrk cnt] <g bst || avg_rpi[wrk_cnt] == g_bst)
{

g bst=avg_rpi[wrk_cnt];

g bst run=wrk_cnt;

}

iflavg rpi[wrk_cnt] > g _bst && (avg_rpi[wrk_cnt] <I_bst || avg rpifwrk_cnt] ==
1 bst})

{

1 bst=avg_rpifwrk_cnt];

1_bst_run=wrk_cnt;

}

*/

{iprintf("\n%d %d",p_chl,p_ch2);

[fprintf("\n%lf %elf",vell,vel2);
//p_ch1=(int)ceil((p_chl+vell});
/1p_ch2=(int)ceil((p_ch2+vel2));

wrk_cnt++;

f1printf("%d",wrk_cnt);

//printf("%d %d", p_chi[wrk_cnt-1],p_ch2[wrk_cnt-1{);
for(jjj=0:jji<schd_cnt;jjj++)

{

p_chl[jjj]fwrk_cnt]=p_ch1[jjj][wrk_cnt-1 Jreeil(vell i3 ]):
p_ch2[jjjl[wrk_cnt]=p ch2[jjj){wrk cnt-1 J+eeil(vel2[133]);
}

for(jjj=0;jjj<schd_entjjj++)

printf("\n%d %d", p_chl{j jj]{wrk_cent].p_ch2[jjjl[wrk_cnt]);
getch();

for(jj7=0;)jj<schd_cntyjjj++)
for(iii=0;iti<N_J;iii++)

{

if(iti = p_chl[jjj][wrk_cnt])

wrk[jjj]wrk_ent][iii}=wrk i1 [wrk _ent-1][p_ch2[53)] fwrk cntl]];
/fcontinue;

}
else if(iii == p_ch2[jij}[wrk_cnt])



//continue;

}

else
wrk[jjj][wrk_ent][iii}=wrk[j3j][wrk_cnt-1]{iii];
3

printf("\n");
for(jj3=0:jjj<schd_entjjj++)

{

for(iii=0;iii<N_J;iii++)

printf("%d ", wrk{jjjlfwrk_cnt][iii]);
printf("n");

}

getch();

calc_rpi(wrk_cnt);
for(iti=0;111<schd_cnt;iii++)

{

if(avg_rpi[iii][wrk_cnt] < g_bst)
{

g bst=avg rpi[iii]fwrk_cnt];

g bst_run[0]=iii;

g bst run[l]=wrk cnt;

}

if(avg_rpi[ili][wrk_cnt] > g_bst && avg_rpifiiij[wrk_cnt] <1 bst)
{

1 bst=avg_rpi[in}[wrk cnt];
1_bst_run[0]=iii;

1 bst_run[1]=wrk_cnt;

}

3

printf("\n%If %lf",g_bst,1_bst);

printf("\ng_bst_pos is %d %d",g_bst_runf0],g_bst_run[1])
printf("\nl_bst_pos is %d %d",1_bst_run[0],1_bst_run[1]).
getch();

Hprintf("%lf" avg_rpi[wrk_cnt]),

/*

if(avg_rpi[wrk_cnt] < g bst || avg_rpi[wrk cnt] == g_bst)
{

g bst=avg_rpi[wrk_cnt};

g_bst run=wrk_cnt;

ki

if(avg_rpi[wrk_cnt] > g_bst && (avg_rpi[wrk_cnt} <1_bst | avg_rpi[wrk_cnt] ==
1 bst))

{

| bst=avg_rpi[wrk_cnt];

1 bst run=wrk_cnt;

[

*/

ettt e ev s w imae



/fapplying formulae - particle swarming
for(run_cnt=0;run_cnt<30;run_cnt++)

{

wrk_cnt++;

for(jjj=0:jji<schd_cnt;jjj++)

{

v=vell[jjj];

v+=(float)(pail *(p_chi[l_bst_run[0]]fl_bst_run[1]]-p_ch1[jjj][wrk cnt-1]));
v+=(float)(pai2*(p_ch1{g_bst_run[0]][g_bst_run[1]]-p_chl[jjji[wrk_cnt-1]});
/fprintf( "\nv="%l{",v);

if(v<0)v=-2.25;

if(v>0)v=2.25;

vi=ceil(v+p_chi[jjj]iwrk_cnt-1]);

if(vi > 8) vi=8;

if(vi <0} vi=0;

/fprintf("\n\nvi value is %d",vi);

p_chi[jjj][wrk_cnt}=vi;

v=vel2[jjj]+(float)(pail *(p_ch2[l_bst_run[O]][! bst_run[1]}-p_ch2[jjj]{wrk_cnt-
1))+pai2*(p_ch2[g_bst_run[0]][g_bst_run[1]]-p_ch2[jjj][wrk_ent-11)):
/fprintf("\inv=%l1f",v);

if(v<0)v=-2.25;

if{v>0)v=2.25;

/fprintf("np_ch2=%d",p_ch2[wrk_cnt-1]};
vi=ceil{v+p_ch2[jjj][wrk_cnt-1]);

if(vi > 8) vi=8;

if(vi <0) vi=0;

/fprintf("\n\nvi value is %d",vi);

p_ch2[j){wrk_cnt}=vi;

J/printf("\np_ch1=%d p_ch2=%d",p_ch1[jjjl[wrk_cnt],p_ch2[jjj){wrk_cnt});
for(iii=0;1ii<N_J;iii++)

{

if(iii == p_chl1[jjj][wrk _cnt])

{
wrk[jij][wrk_ent][iiiJ=wrk{jjj}{wrk_cnt-1]{p_ch2{jjjj[wrk_cnt]];
//continue;

}

else if(ili == p_ch2[jjiliwrk_cnt})

{

wrk[jjj [ wrk_cnt]fiii]=wrk[jjj)[wrk_cnt-1][p_ch}[5jj][fwrk_cnt]];
//continue;

j

else

wrk[jji][wrk_entl[iii}=wrk[jjjl[wrk_cnt-1][iii};

}

}

printf("n"):

for(jjj=0;jjj<schd_cnt;jjj++)

{
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printf("\n");

}

geteh();

calc_rpi(wrk_cnt);
for(iti=0;iii<schd_cnt;ili++)

{

iftavg_rpi[uij[wrk_cnt] <g bst)
{

g bst=avg_rpiliii][wrk_cnt};

g bst run[0]=iii;

g bst runf1]=wrk cnt;

}

if(avg_rpiliii]|wrk_cnt] > g bst && avg_rpifiti}[wrk_cnt] <I_bst)
{

1 bst=avg rpifiii][wrk_cnt];

1 _bst_run[0]=iii;

1 bst_run[l]=wrk_cni;

}

}

/printf("%lf" avg_rpi[wrk_cnt});

/*

if(avg_rpifwrk_cnt] <g bst || avg rpi[wrk_cnt] == g_bst)

{

g bst=avg_rpi[wrk cnt];

g bst_run=wrk_cnt;

i

if(avg_rpi[wrk cnt] > g bst && (avg rpi[wrk cnt] <1 bst || avg rpi[wrk cnt] ==
1 bst))

{

I bst=avg rpi{wrk cnt];

1 bst run=wrk_cnt;

}

*/

printf("\n\n%lf %lf", g_bst.l bst);

printf("\n\ng_bst schd=%d g_bst_run=%d",g_bst_run{0],g_bst_run[1]):
printf("\nl_bst_schd=%d I bst run=%d",] bst run[0],] bst_runf1]});
printf("n'\n");

getch();

}

3

calc_rpi(int cnt)

{

int i,temp,),kk;

for(j=0;j<schd_cnt;j++)

{

for(kk=0:kk<N_M:kk++)



¥

/! m_proc_time[1]=p_time[wrk[j}[ent}[1]]*wrk_wt{wrk[j}[ent][1]];
i m_proc_time[2]=p_time[wrk[j][cnt][2]]*wrk_wt[wik[j][cnt][2]];
i m_proc_time[3}=p_time[wrk[j][cnt][3]]*wrk_wt[wrk{j][cnt]{3]];
/! printf("\n%d\t %od\t
%d\n".m_proc_time[0],m_proc_time{1],m_proc_time[2]);
for(i=N_M;1<N_J;i++)

{

xsort();

k=s_orf0];

/ printf("%d\t" k);

temp=p_time[wrk[j][cnt]{1]];
m_proc_time[k]+=temp*wrk_wt[wrk][j][cnt][i}];

// printf("%d\t",m_proc_time[k});

/! getch();

3

i printf{"%d %d" k,m_proc_time{k]);

/ getch();

if(k == 0)

{

if(m_proc_time[1] > m_proc_time[2])
{

max=m_proc_time[1};

avg_rpi[j][wrk_cnt] =(float}(max-m_proc_time[0])/max;
avg rpi[j}wrk_cnt]+=(float)(max-m_proc_time[2])/max;
¥

else

{

max =m_proc_time[2];

avg_rpi[j]{wrk cnt]=(float)(max-m_proc_time[]])}/max;

avg_tpi[j}[wrk_cnt]+=(float)}{max-m_proc_time[0])/max;

}

b

else if(k == 1)

{

if{m proc_time[0] > m_proc_time[2]}
{

max=m_proc_time[0];

avg rpi[j][wrk_cnt] =(float)}(max-m_proc_time[1])/max;
avg_rpi[j}[wrk_cnt]+=(float)(max-m_proc_time[2])/max;
3

else

{

max = m_proc_time[2];

avg_rpi[j]iwrk cnt]=(float)(mmax-m_proc_time[0])/max;
avg_tpi[j][wrk_cnt]+=(float)(max-m_proc_time[!])/max;

b



{

if(m_proc_time[1] > m_proc_time[0])

{

max=m_proc_time[1];

avg_rpi[jj[wrk_cnt}= (float)(max-m _proc_time[0])/max;
avg_rpi[j][wrk_cnt]+=(float)(max-m _proc_time[2])/max;
}

else

{

max =m_proc_time{0];

avg_rpiljl[wrk_cnt] =(float)(max-m_proc_time[1])/max;
avg_rpi[j]{wrk_cnt]+=(float)(max-m_proc_time[2])/max;

}

H

/ffor(i=0;i<3;1++)

Hprintf("%ed\t",s_or[1]);
avg_rpilj][wrk_cnt}=2;

printf("navg_rpi is %If",avg_tpi[jj[wrk_cnt]);
3

void xsort(void)

{

int ii,jj,temp[N_M].ttemp;
for(ii=0;1i<N_M;ii++)
temp(ii]=m_proc_time{ii];

i for(ii=0;11<3;11++)
1 printf("%d\t" tempfii]);

for(ii=0;1i<N_M;ii++)

{

for(ji=iit+1:J<N_Myj++)

{

if(templii] < temp{ji])
s_or[ii}=i1;

else

{

ttemp=temp/[ii};
temp[ii]=temp[jj];

temp[j) j=ttemp;

s_or[ii}=j};

}

}

}

for(ii=0;1i<N_M;ii++)
if(temp[0] == m_proc_time[ii])
s or[0]=ii;

/*

VL = I L B B Y



if{m_proc_time[0] <m_proc time[2])
{

s_or[0]=0;

if(m_proc_time[l] <m_proc_time[2])
{

s_or[1]=1;

s or[2]=2;

3

else

{

s _or[1}=2;

s_or[2}=1;

3

}

else

{

s _orf0]=2;

ifilm_proc_time[0] <m_proc_time[1])
{

s or[1]=0;

s_or[2]=2;

}

else

{

s _or[1]=2;

s_or[2]=0;

}

)

}

ifim_proc_time[0] <m_proc_time[2])
{

s or|1]=0;

s or[2]=2;

}

else

{s_or[1]=2;

s or[2]=0;

b

*/

3

4.4 ALGORITHM OF PARTICLES SWARMING
Initialisation :Randomly initialize a population of a particles.

Population Loop : for each particle do



Goodness Evaluation and update :evaluate the goodness of the particle.If its
goodness is greater than its best goodness So far,then this particle becomes best

particle so far.

Neighborhood Evaluation : if the goodness of this particle is best along all its
neighbors, then this particle becomes the best particle of the Neighborhood.

Determine V; :apply equation

Particle Update : apply the updating rule

Cycle : repeat step 2 until a given convergence criterion is met
X0 =f(Xi(t-1),V;(t-1),Pi,Py)

Vi(t) =V (t-1)+constant(P;-X(t-1 Y+constant(P.-X;(t-1))

4.5 GENERATION OF RANDOM NUMBERS

A computer simulation model was written in the 'C' language on an IBM/PC
compatible system to represent the real situation. The number of operations and
machines are the input to the program. The operation times are generated
randomly using the built-in random generator of the computer. The number of
preceding operations for each succeeding operation and their job identities are

also generated randomly.

4.6 IMPORTANT PARAMETERS

The 20 Schedules are taken ,Assign 2 random values for each Schedules .and find
the RPI .then Exchange the position for each Schedule and find the RP] .and find
the local value and global value, Global value is the most minimum value update
the velocity, Apply the formula ,and find the position, Iteration is repeated and
most minimum value is found.

4.7 APPLICATION OF PSO IN WORKFLOW BALANCING

Workflow balancing is used to distribute the workloads among the machines to

reduce the idle time. The machine with the maximum workload is the bottle-neck



achieving high throughput. It also affects the system’s utilizations. Hence, the
workflow balancing is used to remove the bottle-neck available in the system. The
manufacturing system attains the optimal overall performance due to the
maximum output at this most constrained resource. This results in reduced work-
in-process and finished goods inventories and minimized operating expenses.
Shop floor scheduling prepares a more detailed production plan by determining
the timings, sequences and workload assignments. The workflow balancing is
used to find the optimum allocation of ‘n’ jobs on ‘m’ machines as the part of a

manufacturing plan.

Step 1: The jobs are scheduled as they arrived to the machines in the first
iteration. The jobs represented as the processing times of the respective jobs. For

example if the job orders may as follows.
Job order: 0.87 0.34 0.55 0.79 0.10 0.56 0.51 0.19 0.35 0.23

The jobs are allocated to machines in such way that the machine with the smallest
workload of the machine is selected for allocating the jobs. For example if the

machines may 4 then the allocation may follows.

0.79 0.19 | 0.23

0.55 0.51

0.34 | 0.10 | 0.56

0.87 0.55

FIGURE 4.2 ALLOCATION OF FIRST SET OF JOBS

The work load of each machine is calculated by summing all the processing time

of jobs assigned to the particular machine. Then relative percentage of imbalance



percentage of deviation of workloads on machines from the upper bound of
maximum workload. Finally, the average RPI value is calculated and the value is

17.43.

Step2: Any two job’s positions are changed randomly. Here 8% and 6™ job’s
positions are changed. Then the Job order and allocation of the jobs to the

machines may as follows and allocation of the jobs.

Job order: 0.87 0.34 0.55 0.79 0.10 0.19 0.51 0.56 0.55 0.23

0.79 0.55

0.55 0.51

0.34 | 010 | 0.19 | 0.56

0.87 0.23

FIGURE 4.3 ALLOCATION OF SECOND SET OF JOBS

Here also the same procedure is adopted as explained earlier and here the average

RPI is 12.5.Further Operation is done by using Two Formulas.
Xi(0) =t(Xi(t-1),Vi(t-1),Pi.Py)
Vi(t) =Vi(t-1)+constant(P;-Xi(1-1))+constant(P .- Xi(t-1))

4.8 ITERATIONS

In parallel machine scheduling all the machines are identical and a job can be
processed on any one of the machines. The PSO is used to compute the relative
percentage of imbalance in workloads among the machines. The initial population
or seed is generated randomly. The machine with the less cumulative workload is
selected to assign the jobs from the unscheduled list. The maximum workload

among all the machines is identified, and the RPI values of each machine



positions of the jobs to evaluate the next iteration. This is calculated by using the

following formulae,
X;(0) =f(Xi(t-1).Vi(t-1),Pi,Pg)
Vi(t) =V;(t-1)+constant(P-Xi(t-1 constant(Pe-Xi(t-1))

where
X Job position of previous iteration
X2 Job position of previous iteration
X,!  Job position of new iteration
X,'  Job position of new iteration
P,  Global Best
P; Local Best

Vi Velocity
I; Random numbers
n Number of jobs

The next step is calculating the average RPI values using the new position values.

Initialisation: Randomly initialize a population of a particles.
Population Loop : for each particle do

Goodness Evaluation and update: evaluate the goodness of the particle.If its
goodness is greater than its best goodness So far, then this particle becomes best

particle so far.

Neighborhood Evaluation : if the goodness of this particle is best along all its

neighbors, then this particle becomes the best particle of the Neighborhood.
Determine V; :apply equation
Particle Update : apply the updating rule

Cycle : repeat step 2 until a given convergence criterion 1s met



4.9 EVALUATION PARAMETER

Many performance measures are available to evaluate the performance of various
scheduling heuristics. The best allocation of jobs amongst the machines can be
obtained when their workloads are balanced. The performance measure of relative
percentage of imbalance (RPI} in workload is adapted to evaluating the
performance of the scheduling strategies: RANDOM, SPT, LPT, and PSO in

parallel machine scheduling.

Scheduling strategies are used for the selection of jobs for allocation on machines
in parallel machine scheduling. These scheduling strategies mostly affect shop
floor performance. In order to achieve higher productivity on the shop floor, an
appropriate strategy needs to be followed based on all the machines are calculated
and compared with the maximum workload of a particular machine. The machine
with the maximum workload is the bottleneck, which affects the shop floor

performance.

The maximum load ‘W on a machine is taken as the index for comparing the
workload on other machines for evaluation purposes. The difference between the
maximum workload and the available workload on a machine is called an

imbalance in workload. Imbalances in machine workloads are expressed as,

= Wha - W, 1=1,2,3..m

The various workload balancing strategies are adopted to minimize these
imbalances on the machines. The best schedule is the uniform distribution of
workloads on all the machines. A careful study of the allocation of work in the
bottle-neck machine contributes towards the improvement of shop floor
performance. The allocation of jobs may be altered on the machines to minimize
the maximum workload on the bottleneck machine. Some of the allocated jobs
from the bottle-neck machine can be moved to other imbalanced machines to
minimize the workload on it. The RPI in workloads of all the machines is adopted
to compare the performance of the scheduling strategies. This indicates the

sercentagse of deviation of workloads on machines from the upper bound of



RPI = [(Wnax - Wi}/ Wiax] X 100

The average RPI values are calculated using ‘EXCEL’ using the output of the
simulation model. The output of the simulation model shows the work allotments
to the machines in terms of job processing times. The four scheduling strategies

produce four different work allotments.

The maximum workload on the "W, machine is identified and the percentage of
deviation from this maximum workload for all the four rules. The workload 1s

balanced perfectly if the percentage of imbalance among the machines is zero.
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CHAPTER S

COMPUTATIONAL EXPERIMENTS

5.1 COMPUTATIONAL EXPERIMENTS

The simulation model has been coded in the 'C' language on the IBM/PC
compatible system. The number of jobs and machines are the input data given to
the program. The processing time of jobs is generated using the built-in random
number generator of the compiler. The experiments have been conducted on an
IBM/PC compatible system. The number of jobs in each set has been varied and
the total number of sets considered for the study is 10. The output of all the
instances is directed to the 'EXCEL' worksheet.

The maximum workloads on machines for each heuristic are found. The
maximum workload is compared with the workloads of each machine. The
difference between the maximum and available workloads on each machine is
calculated. This measure indicates the imbalance of workloads on machines.
Considering the maximum workload as the index, the RP1 for each machine is
calculated for all the heuristics. This shows the deviation of workloads on
machines from the upper bound of maximum workload. The average of the RPI
on machines for all heuristics is calculated for each set of 'n’ jobs. The charts for
all the sets of ‘m’ machines are also shown. The behavior of heuristics is shown in
plotted lines by using number of jobs and average RPI on X' and "Y' axes

respectively. The results are shown in below.

5.2 ‘n’ JOBS Vs TWO MACHINES

The parallel machine-scheduling problem is considered for assigning jobs of
various sizes on two machines. The average RPI values of workloads on the
machines are shown in Table 5.2 and Fig. 5.2. The RANDOM strategy produces
moderate RPI values. The SPT produces large RPI values. The LPT produces
smaller RPI than the RANDOM, and SPT, but it produces large RPI than PSO.



smaller RPI values indicate the better distribution of workloads between two

machines.
TABLE 5.2 RPI Vs TWO MACHINES
No.Of jobs RANDOM SPT  LPT PSO
10 694 878 109 0.11
. 344 461 035 0.2
Y S S S T S 1 8 014 o011
o  1ss 23 o008 00l
50 153 185 0.04 0.05
60 105 161 0.05 0.02
70 095 138 003 003
80 083 23 0.0 0.01
90 072 1.08 0.02 0.02
100 047 096 0.02 0.09
RPI VS TWO MACHINES
10
¢]
8
7 —— RANDOM
RPI 2 | ——SPT
4 ——LPT
3 —x— PSSO
2
1 -
0 &*—k—x-—-x-—x—x—-x X
0 50 100 150
NO OF JOBS

FIGURE 5.2 RPI Vs TWO MACHINES

5.3 ‘n’ JOBS Vs THREE MACHINES

v e e e e et mee are chown 1n Tahle 5 3and



smaller RPI values. The RANDOM produces moderate values and LPT produces
smaller values than RANDOM, and SPT, but greater than PSO as same as two

machines Vs RPL Thus, PSO produces balanced schedules for three machines

problems.
TABLE 5.3 RPI Vs THREE MACHINES
" No.Ofjobs | RANDOM SPT  LPT PSO
0 D 1146 1712 436 0.24
20 | 699 889 08 0.35
30 444 605 045 0.21
a0 343 483 024 008
50 315 377 018 0.6
60 249 307 0] 0.04
70 203 277 0.08 0.07
8 L7 242 007 0.08
o0 . 159 214 005 0.03
100 135 194 003 004
RP1VS THREE MACHINES
18
16
14
12 —o— RANDOM
e 8 ——LPT
3 | —x—PSO
>\
0 XoXX=X—X=X=X—X—X—X
0 50 100 150
NO OF JOBS




5.4 ‘n’ JOBS Vs FOUR MACHINES

The behavior of scheduling of jobs on four parallel machines is shown in Table
5.4 and Fig. 5.4. Here also the PSO produces the balanced workflow among all the
machines and the RANDOM produces the moderate RPI values, the SPT produces
the large RPI values and the LPT produces the large RPI than PSO and less value
than SPT, and Random.

TABLE 5.4 RPI Vs FOUR MACHINES

" No.ofjobs RANDOM  SPT  LPT  PSO
10 1819 239 519 019
0 1015 . 125 178 031
30 708 912 082 0.27
0 565 676 0.4 0.15
50 | 45 | 564 028 0.25
60 | 4.1 YY) 0.22 0.23

70 | 33 414 0.19 0.2

80 303 353 0.13 0.11

90 275 329 012 012
00 220 287 | 006 006

RPI VS FOUR MACHINES

30
25
20 —— RANDOM
: -
10 - PSO
5 \N
0 U o S VSV S S VA VR
0 50 100 150
NO OF JOBS

FIGURE 5.4 RPI Vs FOUR MACHINES



5.5 ‘n’ JOBS Vs FIVE MACHINES

This shows the behavior of RPI and five machines in Table 5.5 and Fig 5.5. This

also shows that PSO produces the better results.

TABLE 5.5 RPI Vs FIVE MACHINES

" No.ofjobs RANDOM ~ SPT  LPT PSO
o poa 2618 949 0.48
0 1361 156 236 043
o oss . onss 123 045
40 758 87 067 08
s 61 726 o045 036
60 554 616 038 03
70 451 sis 025 OIS
&0 397 4 017 0.14
oo 338 416 013 017
0o 302 e o014 016

RPIVS FIVE MACHINES
30
25
20 —o— RANDOM
—_ —0— SPT
& 15 SF
——LPT
10 —x— PS0O
5
0 K —X KT =X =K —X =X ——KX—X
0 50 100 150
NO OF JOBS




5.6 'n' JOBS Vs SIX MACHINES

Table 5.6 and Fig 5.6shows the results of performances of various heuristics for

six machines. However, here also PSO produces improved results over all the

other heuristics.
TABLE 5.6 RPI Vs SIX MACHINES
No. of jobs RANDOM SPT LPT PSO
10 292 3544 1649 035
50 1638 2053 409 017
30 47 1428 0 171 0.68
40 008 1123 09 029
50 7.09 9.15 0.74 0.39
60 el 751 0.45 036
70 624 684 0.4 0.44
g 513 58 926 029
90 455 502 0.2 0.19
100 3.87 4.66 0.23 0.15
RPI VS Six Machines
40 -
35 4
gg : —m— RANDOM
E 20 —&—SPT
15 ] —mPT
10 e PSO
5 4
0 il — i ——
11 20 30 40 50 B0 Fiil oo a0 100
Ho. of jobs

FIGURE 5.6 RPI Vs SIX MACHINES
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CHAPTER 6

PRECEDENCE CONSTRAINTS

6.1 INTRODUCTION

Machine scheduling involves the allocation of jobs to machine based on some
objective function. Different algorithms have been developed by researchers to
estimate the performance of scheduling. The assembly planning of the textile
machine considered in this project is a repetitive type manufacturing system,
which involves allocation of assembly operations to be executed in parallel by
operators. The operators are cross-trained to perform all kinds of operations
required for a complete assembly. The product of the assembly has the same
geometry and assembly operational sequences. There are ‘n’ operations to be
executed by ‘m’ operations in parallel to complete the assembly. There are some
precedence operations to be allocated first among the all operations. This is
modeled as a classical parallel machine scheduling problem with precedence

constraints.

In parallel machine scheduling with precedence constraints, there are ‘n’ jobs to
be scheduled on ‘m’ machines satisfying the given precedence constraints. An
operation cannot be started until all its precedence operations are completed. In
this project, the workflow balancing is used to allocate the operations to the
operators in the assembiy section. Worktlow balancing among parallel machines
is essential to maximize the optimum uses of the resources. It helps to remove the
bottle-necks present in a manufacturing system to improve the throughput.
Workflow refers to the workloads of machines. Workload of a machine is the sum
of processing time of all jobs assigned to it. Idle time is not considered for

calculating the workflow.

A machine with the lowest workload is sclected for assigning a new job from the
lists of jobs. The assembly operations are scheduled to the operators in such a way

ot their woerkloads need to be balanced. The selection of operations for the



assignment may be based on many different scheduling strategies. Particles

Swarming Algorithm (PSA) is used to prepare the lists of jobs to be assigned.

The performance of PSO is compared with three workflow balancing strategies,
namely random (RANDOM), shortest processing time (SPT), and longest
processing timq (LPT). All the preceding operations are scheduled first and
succeeding operations are scheduled subsequenily. Both the preceding and
succeeding operations are selected individually according to the above four
assembly scheduling strategies. The jobs are assigned to parallel machines to
minimize the imbalance in workloads. The minimum imbalance in workloads

ensures balanced workflow among the machines.

The relative percentage of imbalance (RPI) is adopted among the parallel
machines for evaluating the performance of the heuristics to a standard
manufacturing environment. A computer simulation model has been developed to
replicate the actual situation and its output obtained for analysis. The PSO shows
better performance for the combination of various operations and operators. A
computer program has been coded on an IBM/PC compatible system in the “C’
language for experimentation to a standard manufacturing system environment in

operation and charts are drawn using ‘EXCEL" for analysis.

6.2 APPLICATION OF PRECEDENCE CONSTRAINTS IN
ASSEMBLY SECTION

The textile machinery-manufacturing unit considered here produces machines,
namely carding, draw, and speed frames. These machines are used to produce
yarn from raw cotton. Assembly planning of a speed frame is considered in this
project. The length of speed frame is 25 meters. The required components of the
complete assembly are brought to the assembly shop floor since it has a fixed

position layout.



ASSEMBLY SHOP FLOOR
o SPEED FRAME
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FIGURE 6.1 LAYOUT OF THE ASSEMBLY FLOOR

— % Flow of material
m  Total number of operators

n Total number of assembly operations

The mainframe of the speed frame is erected at one place on the shop floor, and
other components and sub assemblies are fixed on it along its entire length at
various locations. Some components are fixed first because of precedence
relationship to accommodate other fitting components. The fitting of sub
assemblies and other components can be executed simultaneously at different
places along the entire length of the mainframe. The aim of this project is to
determine suitable scheduling strategies in allocating assembly operations to the
operators so that their workloads are well balanced. Balanced workloads reduce
idle time and ensure the earliest completion of assembly. This problem of
workflow balancing for the assembly of a speed frame is modeled as a parallel
machine scheduling problem using the analogy of operations for jobs and

operators for machines with the precedence constraints.

The assembly scheduling problem consists of ‘n’ operations J;. i=1.2.3... nand

ot ot oM. 3= 1.2, 3 . m. the operation “J;” requires a processing time



There are some precedence operations which must be completed before starting
new operations. The operations are allocated such that the workloads of the
operators are evenly distributed. An operation may be allocated only after
ensuring that all precedence operations have been allocated. Let ‘S’ represent the
list of assembly operations to be assigned to the operators. This list is constructed

with operations numbers and their processing times:
S={p},i=1,2,3...n,

where ‘p;’ indicates the processing time of the i™ operation. Let ‘S, be the list of
preceding operations that must be assigned before succeeding operations, and let

*S,’ are extracted from the main Yist *S°:
S ={p),i=1,2,3...p,if1 precedes ],

where ‘p’ is the number of preceding operations, and;

S ={p}.1=1.2.3... q, if j succeeds 1,
where ‘q’ is the number of succeeding operations.

The assembly operations must be assigned such that workloads of operators are
well balanced to achieve maximum efficiency on the shop floor. Scheduling
strategies play a vital role in producing good schedules with balanced workloads.
Workload balancing is useful in achieving maximum system utilization. Workload

balancing can be achieved by adopting different strategies to the list of operations.

6.3 METHODOLOGY

The assembly operations are partitioned into two sub-lists, *S;” and °S;’, of the
mail list ‘S’. S is the list containing all the assembly operations. Sub-list *S)’°
contains all the preceding operations and °Sy contains all the succeeding
operations. All preceding operations are allocated before succeeding operations. It
forms a list of jobs and which satisfy the precedence constraints. The objective of

allocation is to ensure that the workloads of all operators are well balanced.



A performance measure based on workload is introduced to evaluate the different
scheduling strategies to be used for assigning operations to operators. The four
scheduling strategies RANDOM, SPT, LPT, and PSO are used for the selection of
an operation from the list of unscheduled operations. The operator with the

smallest workload is selected for assigning a new operation.

The scheduling strategies are applied to the list of operations. The performances

of strategies are compared and the results are analyzed.

6.3.1 Workload Allocation

Step 1: Select an operation from the list of precedence operations ‘S;”. If all the
precedence operations are allocated, then select an operation from the list of
succeeding operations ‘S;”. The new list is sorted according to the strategies

RANDOM, SPT, LPT, and PSO.

Step 2: Find cut the cumulative workload Wy’ of each operator. The workload
‘W, of an operator is calculated by adding all the processing time of operations

assigned to her. The workload of any operator is:

1
Wi=Epj, 1f_] €Ri(i= 1,2,3... m),
J=1

where ‘R;’ is the list of allocated jobs,‘t’ is the total number of operations

assigned, and ‘m’ is the number of operators.

Step 3: Select the operator ‘M’ with the smallest workload ‘Wi’ among ‘m’
operators for assigning the operations from the list of unscheduled operations. The

lists of unscheduled operations are prepared according to the heuristics.

Step 4: Assign the operation ‘J;” from the lists of operations “Sy” or *Sy” to the

operator ‘My’.

Step 5: Repeat steps 2-4 until all the operations are assigned.



6.3.1.1 Assumptions

1. No pre-emption is allowed (i.e. once started, an operation must be completed
before starting another operation).

2. Operators are cross-trained to handle all operations.

3. Operations are executed in parallel.

4. No operator may process more than one operation at a time.

6.4 APPLICATION OF PRECEDENCE CONSTRAINTS USING
PSO

In parallel machine scheduling all the machines are identical and a job can be
processed on any one of the machines. The PSO is used to compute the relative
percentage of imbalance in workloads among the machines. The initial population
or seed is generated randomly. The machine with the less cumulative workload is

selected to assign the jobs from the unscheduled list.

The unscheduled list 'S is divided into two list 'S1" and 'S2". 'S1' contains all the
preceding jobs and 'S2' contains all the succeeding jobs. The preceding jobs are
first allocated and then the succeeding jobs are allocated to the available machine.
The maximum workload among all the machines 1s identified, and the RP1 values
of each machine calculated. Then the average RPI is calculated. The next step is
changing the positions of the jobs to evaluate the next iteration. This is calculated

by using the following formulae,
Xi(t) =f(Xi(t-1),Vi(t-1),Pi.Py)

V(1) =V;(1-1)+constant(Pi-X(t-1 )+constant(Pg-Xi(t-1))
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CHAPTER 7

COMPUTATIONAL EXPERIMENTS

7.1 COMPUTATIONAL EXPERIMENTS

The simulation model has been coded in the 'C' language on the IBM/PC compatible
system. The number of operations and operators are the input data given to the
program. The processing time of operations is gencrated using the built-in random

number generator of the compiler

The experiments have been conducted on an IBM/PC compatible system. The
number of operations in each set has been varied and the total number of sets
considered for the study is 10. The output of all the instances is directed to the
"EXCEL' worksheet.

Maximum workloads on operators for each heuristic are found. The maximum
workload is compared with the workloads of each machine. The difference between
the maximum and available workloads on each machine is calculated. This measure
indicates the imbalance of workloads on operators. Considering the maximum

workload as the index, the RPI for each machine is calculated for all the heuristics.

This shows the deviation of workloads on operators from the upper bound of
maximum workload. The average of the RPI on operators for all heuristics is
calculated for each set of ' operations. The charts for all the sets of ‘m’ operators
are also shown. The behavior of heuristics is shown in plotted lines by using number
of operations and average RPI on "X’ and "Y' axes respectively. The results are shown

in below.

7.2 ‘n” OPERATIONS Vs TWO OPERATORS

The Fig. 7.2 and the Table 7.2 shows the performances of the RANDOM. SPT. LPT.

and PSO strategies for two operators. This shows that the PSO provides the better



TABLE 7.2 RPI Vs TWO OPERATORS

Number of ]
Operations RANDOM SPT LPT PSO
10 5.91 6.69 6.97 0.23
20 3.52 326 0.40 0.30
30 2.10 1.81 0.17 0.14
40 1.62 2.72 0.44 0.12
50 1.30 2.10 0.08 0.08
60 1.10 1.69 0.11 0.18
70 0.90 1.28 0.09 0.12
80 0.75 1.12 0.07 0.15
90 0.86 0.96 0.04 0.05
100 0.61 0.92 0.02 0.36
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7.3 ‘n* OPERATIONS Vs THREE OPERATORS %@ 7
R

The Table 7.3 and Fig. 7.3 provide the performances of RANDOM, SPT
1PT. and PSO for three operators. This also shows that the PSO provides the optimal



TABLE 7.3 RPI Vs THREE OPERATORS

Number of

Operations RANDOM SPT LPT PSC
10 12.29 14.29 2.09 0.16
20 6.76 5.20 0.36 0.17
30 4.58 5.20 0.97 0.08
40 4.07 4.71 0.55 0.42
50 3.07 6.02 0.63 0.49
60 2.34 3.63 0.31 0.38
70 2.25 2.65 0.16 0.46
80 1.80 221 0.20 0.36
90 1.54 2.04 0.13 0.17
100 1.49 1.87 0.10 0.23
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FIGURE 7.3 RP1 Vs THREE OPERATORS
7.4 ‘n’ OPERATIONS Vs FOUR OPERATORS

The Fig 7.4 and the Table 7.4 give the result for four operators Vs RPI values of
RANDOM, SPT, LPT, and PSO strategies. From this also we have io know that the
PSO provides the good result.



TABLE 7.4 RPI Vs FOUR OPERATORS

Number of
Operations RANDOM SPT LPT PSO
10 18.06 13.27 6.93 (.22
20 10.50 12.01 0.70 0.53
30 6.82 11.76 0.58 0.26
40 5.68 7.40 0.51 0.47
50 4.07 7.95 0.57 0.42
60 3.67 4,57 0.53 0.40
70 3.06 4.89 0.15 0.03
80 3.00 3.71 0.27 0.14
90 2.65 3.38 0.19 0.27
100 2.28 2.91 0.38 0.58
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7.5 ‘n> OPERATIONS Vs FIVE OPERATORS

From the Fig. 7.5 and the Table 7.5 we have to conclude that the PSO provides the
better result for five operators’ problem rather than the RANDOM. SPT. and LPT.



TABLE 7.5 RP1 Vs FIVE OPERATORS

Number of
Operations RANDOM SPT LPT PSO
10 22.89 16.77 7.86 0.31
20 14.05 15.61 1.96 (.22
30 9.10 10.85 1.61 0.26
40 741 8.92 0.31 0.26
50 5.39 7.39 0.66 0.31
60 4.97 6.76 0.64 0.36
70 4.06 5.53 0.21 0.20
80 4.25 4.14 0.31 0.26
90 3.43 3.58 0.29 0.18
100 2.79 3.59 0.22 0.26
RPIVs Five Operators
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7.6 ‘n’ OPERATIONS Vs SIX OPERATORS

The Fig. 7.6 and Table 7.6 show the performances of RANDOM and PSO for six
operators. The proposed PSO produces balanced workloads among the operators for

all job ranges. The RPI values produced by the RANDOM show the existence of



TABLE 7.6 RPI Vs SIX OPERATORS

Number of
Operations RANDOM SPT LPT PSO
10 29.20 35.69 9.22 0.46
20 17.60 18.52 1.88 0.25
30 13.11 15.51 0.64 0.26
40 9.33 11.27 063 0.16
50 8.02 7.83 0.67 0.33
60 6.89 8.16 0.34 0.28
70 5.74 6.19 0.84 0.39
80 475 6.35 0.43 0.21
90 4.07 5.81 0.51 0.36
100 4.09 421 0.34 0.30
RPl Vs Six Operators
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CHAPTER 8

RESULTS AND DISCUSSIONS

The number of machines may be ‘m’, and the number of jobs may be ‘n" are
considered for allocating the ‘n’ jobs to the ‘m’ machines in the parallel machine
model. The procedure is based on the idea of workload balancing and on balancing
the workload among machines. A machine with the lowest workflow is selected for
assignment of a new job from the list of unfinished jobs. The relative percentage of
imbalance of each machine is found out. Then the average RPI value is calculated.
Changing the positions of any two jobs using the formula performs the next iteration.
Then finding the Global value and Local value, Global value is the most minimum
value and repeating the iteration and then updating the velocity and changing the

position. The process is continued untii the optimum solution is obtained.

In workflow balancing of parallel machine scheduling with precedence constraints
problem the proposed Particles Swarming Algorithm was used to prepare the lists of
preceding and succeeding operations separately. The workflow algorithm was used
1o assign operations to the operators. The average RPI value for PSO s lesser than

the current methods.

The proposed PSQ produces balances workflow schedule. The smaller RP1 values
indicate the balanced workflow among the operators. Thus the proposed Particle
Swarming performs better than the other heuristics of allocation of assembly
operations to the operators in the problem of workflow balancing with precedence

constraints.
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CHAPTERY

CONCLUSION

Workflow in parallel machine scheduling using Particles Swarming Algorithm is
done. The RPI of various machines is evaluated. Workload of a machine is the sum
of processing time of jobs assigned to it. The machine with the maximum workload
is the bottle-neck present in the shop floor. This workload needs to be distributed
evenly to other machines using heuristics. The balanced workflow increases the
system utilizations as well as reduces the completion time of the jobs. The least
loaded machine has been selected for assigning a new job from the list of jobs. Then
the average RPI value is calculated. The smaller RP! values indicate the better

distribution of workflow among machines.

And the workflow balancing in parallel machine scheduling with precedence
constraints using PSA was also done. The textile machinery-manufacturing unit
considered here produces machines namely carding draw and speed frames. These
machines are used to produce yarn from raw cotton. Assembly planning of a speed

frame is considered in this project.

The mainframe of the speed frame is erected at one place on the shop floor and other
components and sum assemblies are fixed on it along its entire length at various
Jocations. Some components are fixed first because of precedence relationship to

accommodate other fitting components.

So there are some precedence operations which must be completed before starting
new operations. The operations are allocated such that the workloads of the operators
are evenly distributed. An operation may be allocated only after ensuring that all

precedence operations have been allocated.

The least loaded operator has been selected for assigning a new operation from the

list of unscheduled operations. Then the average RPI value is calculated. The smaller



The heuristics have been coded with the *C’ language and charts are drawn using
‘EXCEL’ for analysis. The results obtained out of this project shows that Particles
swarming algorithm performs better than other heurstics by producing balanced
workflow in parallel machine scheduling with precedence constraints and without

precedence constraints.
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