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Abstract

Job-shop scheduling techniques play a significant role in various parallel applica-

tions. An efficient job-shop scheduling technique not only provides high availability

of resources to users but also enhances the performance of parallel machines. Job-

shop scheduling techniques are a typical NP-hard problem. Currently, numerous re-

searchers have solved job-shop scheduling problems by considering the well-known

meta-heuristic techniques. These techniques are Genetic algorithm (GA), Particle swarm

optimization (PSO), Variable neighborhood search (VNS), Ant colony optimization (ACO),

BAT algorithm (BA), Artificial bee colony (ABC) etc. However, these techniques suffer

from one of these issues: premature convergence, poor convergence speed, initially

selected random solutions and stuck in local optima.

To handle the issues associated with existing meta-heuristics based job-shop schedul-

ing techniques, in this research work, hybrid scheduling techniques are designed. Hy-

bridization of meta-heuristic based job-shop scheduling techniques is achieved by inte-

grating the ACO with GA. It has an ability to overcome several issues associated with

existing techniques such as premature convergence, poor convergence speed, initially

selected random solutions and stuck in local optima issues.

To attain the objectives of this research work, a step by step methodology has been

used. In the proposed techniques, ACO is used to generate the population for GA. Then,

the developed solutions are followed by GA, to optimize these solutions by utilizing the

mutation and crossover operators. Therefore, the proposed technique has an ability to

find the more efficient schedules compared to available meta-heuristic based job-shop

scheduling techniques.

The proposed techniques have been compared with other scheduling techniques in

terms of makespan, average execution time, and energy consumption. By reducing

consumed energy, all the proposed techniques, indirectly reduce carbon emissions and

cooling requirements of the parallel machines leading to a further drop in the energy

demand and helping in achieving green computing environment.
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Chapter 1

Introduction

Outline

This Chapter describes the role of job shop scheduling in distributed environment. This

chapter also discusses various models, types and architectures of machines computing.

At the end of this chapter, some well-known meta-heuristic techniques are also dis-

cussed. These meta-heuristics techniques have been extensively used by the research

community to schedule jobs between available set of machines.

1.1 Overview

The job-shop scheduling problem (JSP) plays a significant role in Flexible Manufac-

turing System (FMS). In JSP, several types of flexibilities are considered, including

non-linear alternative process plans of products, alternative machines of operations,

and variable processing sequences, such that the performance of the schedule can be

potentially improved [10]. Majority of the relative studies was prepared for a static

environment, where all manufacturing resources are assumed rightly available and un-

limited at all times. In the real-world, however, it is quite common for manufacturing

systems to encounter unexpected disruptions such as machine breakdown and rush or-

ders. In such circumstances, the predetermined schedules will lose their optimality or

even become infeasible to be executed [11].

To cope with the uncertainties, dynamic scheduling is an alternative which uses

decentralized control systems to dispatch jobs when necessary using the information

available right at the dispatching time, making a decision by dispatching rules, or other

heuristics, rather than generating a full schedule before actual production [12]. Another

well-known method is reactive scheduling, or rescheduling, whereby modifications will
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be made on the predetermined schedules in face of the disruptions to permit the actual

execution. Rescheduling can be conducted either to rearrange the affected operations,

which is known as partial rescheduling, or to generate an entirely new schedule for all

operations afterward, which is known as total rescheduling [13]. The timing policy is

classified into periodical and event-driven: the former defines a time interval between

rescheduling actions, during which rescheduling actions are not permitted, while for the

latter, the rescheduling action will be performed upon the recognition of any disruption.

1.2 Job shop scheduling

Scheduling can manage several jobs and assignment of resources in a period. A primary

objective of scheduling is the assignment of jobs to the available set of machines so that

execution time can be minimized. Another feature of scheduling is decision-making

process and is mostly used in service and manufacturing organizations. Scheduling

takes place by taking help of job-shop scheduling algorithms [14]. Job-shop is a term

related with scheduling used at an application level and is a script or program to execute

a specific set of jobs. As per the literature survey [15] job shop scheduling is defined as

follows:

i. A job-shop scheduling algorithm is a technique in which jobs are optimistically as-

signed to data center resources.

ii. There is no completely perfect scheduling mechanism available due to different

scheduling objectives.

iii. Scheduling algorithms can be executed or implemented under suitable conditions

according to assigned applications by a good scheduler.

iv. Scheduling algorithm is a mechanism that solves a problem in seconds, minutes or

even hours.

v. Time used for execution of particular algorithm measures the efficiency of that

algorithm and so time complexity can be measured from the efficiency.

Time complexity plays a significant role in the execution of an algorithm. There are

some time complexity algorithms used for job-shop execution. The problem is feasible,

tractable, fast, and efficient which is related to polynomial time algorithm [16].

Class P: It deals with problems having a decision-making process to solve determinis-

tic turing machine in polynomial time. Class P problem can be solved easily and decided
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quickly using polynomial time mechanism [16].

Job-shop scheduling problem can be solved easily by matching the jobs to various

sets of resources. It is denoted by the triplet (J, S, O). Here, J stands for a set of

jobs, S shows the feasible set solutions and O is objective of the problem. Further

scheduling problem can be categorized into two sections, i). Optimization problem and

ii). Objective O based decision-related problem.

Firstly, to optimize the problem, it is necessary to search the best-optimized solution

from feasible set S. In the case of decision-making problems, searching for an optimized

solution is quite easy as compared to other solutions. To achieve the objective, there

must be a positive or negative solution to solve the problem from the particularly feasi-

ble solution set s which is a subset of set S. So, a decision problem is best as compared

to the optimization problem. Scheduling problems find the optimal set of jobs to vari-

ous resources and it is called combinational optimization problems. It is a category of

natural problem and working becomes easy as to solve polynomial algorithms or enu-

merations. Secondly, if problem solves with decision-making, then it is in the class of

NP-complete and has optimized solution, otherwise, it is in NP-hard class [17].

Scheduling can be described as deciding process primarily of this particular alloca-

tion of operations on machines ordinary manner the mandatory performance measures

including makespan, tardiness, earliness, and flow time can be called. The scheduling

procedures on the market may be realistic but will also possess fast solution generat-

ing capability. It finds widespread applications inside the manufacturing and service

industries. For those deciding process scheduling and sequencing exist at several lev-

els according to most researchers. Those levels are listed below: potential planning,

middle-term planning, cash advance planning, predictive planning and reactive/control

planning. Sequencing and scheduling environments are classified into four types. In-

fluenced by requirements machine and volume of jobs and machines and the types

of assignments, the sequencing, and scheduling environments are classified the subse-

quent: single machine shop, flow shop, job shop, assembly job shop, hybrid job shop,

hybrid assembly job shop, open shop, closed shop.

1.2.1 Single machine scheduling problem

A single machine shop could be broadly classified into two major types:

i. with single processors

ii. with parallel processors

The classification for the only machine scheduling environment is shown in Figure 1.1.
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Single machine scheduling with single processor involves single machine to process

n jobs. The intention of this concern is to optimize the given performance measure by

scheduling n jobs on the only machine. These jobs may well be independent or depen-

dent, to match the condition. As soon as set-up times from the efforts are considered

to be independent of the process sequence from the jobs, the scheduling concern is

termed as the only machine scheduling issue with independent jobs; otherwise, it truly

is termed as single machine scheduling issue with dependent jobs. All the performance

measures of the only machine scheduling issue with independent jobs are as follows:

• Minimizing the mean flow time

• Minimizing the utmost lateness

• Minimizing the full tardiness

• Minimizing may be tardy jobs

1.2.2 Other scheduling environments

i. In flow-shop scheduling problems, jobs require m different machines for processing

the jobs. Most of the jobs have the process sequence.

ii. In job-shop scheduling problems, n jobs should be processed on m different ma-

chines. Each job has process sequence and is also different from one another.

iii. In assembly job-shop, a job-shop with jobs has at least two component items and at

least one assembly operation.

iv. In hybrid job-shop, the precedence ordering from the operations of some jobs often

is the same.

v. Hybrid assembly job shop combines the features of the assembly and hybrid job-

shop.

vi. In open shop scheduling there isn’t a process sequence for every job hence the

operation from the jobs can be carried out in any order.

vii. Closed shop: this is a job-shop; however all production orders are generated on

account of inventory replenishment decisions. To paraphrase, the production isn’t

afflicted with the customer’s order.

Because parallel machine set-up will be displayed for a house block of all these com-

plex environments, choosing a resolution methodology into parallel machine schedul-

ing problem will donor foundation of the best methodologies of the complex production

environment. Obtained in this research work, the focus is reached on identical parallel

machine scheduling.
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Job sequencing is the best way to be made which has a finite selection of service

facilities. Scheduling is often used as the allocation of resources eventually to attempt

an accumulation of tasks. The practical problem of allocating resources eventually to

attempt an accumulation of tasks arises in lots of situations. Typically, however, schedul-

ing will not become significant until some fundamental planning troubles are resolved,

this also is necessary to be recognized that scheduling decisions are secondary impor-

tance to somewhat of a broader massive amount managerial decisions. Because of ex-

ample, in manufacturing applications, the select a mental managerial questions involve

getting a service come to be manufactured and determining the length of production.

Aftermarket studies and economic analyses understand or know to resolve such issues,

technological planning concentrates on the question of how the goods should certainly

be manufactured. Only after these planning questions are typically answered, and pro-

ducing resources could very well be known, would n’t it become appropriate to keep

in mind problems of scheduling. As the second example, the select a mental manage-

rial question in the delivery of healthcare required service may just be offered. Then

technological planning manages questions of facility design, equipment utilization, and

personnel deployment. Once these decisions have given a profile with the resources

available, it is then possible to manage scheduling problems. These examples indicate

how to select a mental managerial decisions address themselves to three varieties of

questions :

i. What products or services can be provided?

ii. The exact amount scale might it be possible provided? and

iii. What resources are going to be presented?

Determining answers to these questions is the look function, as opposed, the schedul-

ing function presumes that answers to these questions already exist. Therefore, the

function of scheduling becomes relevant in a situation where the tasks to remain sched-

uled continues to be described together with the configuration of resource available

continues to be determined.

Two different feasibility constraints are typically in scheduling problems. First, there

are actually limits on the capability of available resources. Second, there are actually

technological restrictions in the order of which tasks are performed. A remedy to some-

what of a scheduling concern is any feasible resolution these 2 kinds of constraints, so

that “solving” a scheduling problem amounts to answering two different questions:

i. Which resources can be allocated that are performing each task?

ii. When will each task be performed?
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To paraphrase, the essences of scheduling problems give rise to (1) allocation decisions

and (2) sequencing decisions. Scheduling is classified into the following three cate-

gories.

i. Single Machine Scheduling (SMS)

ii. Flow Shop Scheduling (FSS)

iii. Job Shop Scheduling (JSS)

1.2.3 Single machine scheduling

When the whole production of any item takes place on a single machine the case of

single machine scheduling arises in sequencing problem, as the total time given for

complete process is fixed which is equal to the total time required for processing of the

machine. In single machine scheduling, the priority is given to the jobs having least

processing time should be processed first ie.LPT rule is used. By this, we can reduce the

total waiting time and total tardiness of jobs. For eg.Flour mill, the number of programs

waiting for running on computer etc. Available single machine concern is seen as these

conditions.

i. A regular of n independent, single-operation jobs can be found for processing at

time zero.

ii. Setup times for one’s tasks are independent of job sequence that will be within

processing times.

iii. Job descriptors are known in advance.

iv. One machine is continuously available and is also never kept idle while tasks are

waiting.

v. Once processing begins even on a job, it will be processed to completion without

interruption.

1.2.4 Flow shop scheduling

The main objective of scheduling is to achieve the maximum output in minimum time,

within given due date, and to fulfill the requirements of customers up to the mark.For

satisfying the desired target, n-jobs are processed on M machines with the assumptions

that each machine is allowed to execute only one job at a time, once a job start pro-

cessing it should be completed and all jobs should be of equal importance and all jobs

are independent of each other. Each machine is provided with sufficient waiting time.
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Every job takes fixed time for completion which includes setup time, processing time,

transporting time, returning time, loading time, unloading time, slack time, delay time

etc. A heuristic approach is used for finding the optimal solution. A store contains m

different machine, and every job consists of w operations, as both versions require a

better machine. The flow shop is characterized by a flow of work that’s unidirectional.

The flow shop issue will be characterized as given below.

i. A few multiple-operation jobs can be found for processing at time zero. (Each job

requires m operations and every operation requires a better machine)

ii. Setup times for one’s operations are sequence-independent and are within process-

ing times.

iii. Job descriptors are known in advance.

iv. M different machines are continuously available.

v. Individual operations are not primitive.

1.2.5 Job shop scheduling

The classical job shop problem is different from the flow shop injury in one important

respect: the flow of work is simply not unidirectional. The aspects of a predicament

are a few machines and an accumulation of jobs to remain scheduled. Each job consists

of several operations with linear precedence structure as with the flow shop model.

Although it is possible to allow numerous operations in the job, the most typical for-

mulation of the store problem specifies that every job has exactly m operations, one on

each machine.

1.3 Metaheuristic based job-shop scheduling techniques

A meta-heuristic is a procedure that helps to find the optimal solutions. Meta-heuristics

are of various types based on search strategy, single solution based, nature-inspired etc.

Evolutionary Computation (EC) is a problem-solving computer-based that system

deals with evolutionary processes, In other words, it deals with natural selection. It

is the computational model used for the survival of the fittest and reproduction. Evo-

lution through natural selection is selected population of individuals randomly and is

a search procedure using the space of possible chromosome values. Overall procedure

can be done by using an Evolutionary Algorithm (EA) and is a subset of evolutionary

computation. Stochastic search was applied to a given problem so that optimized results
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can be produced. It is also a generic population-based optimization algorithm. These al-

gorithms are inspired by biological evolution having four approximate solutions passes

through reproduction, recombination or crossover, mutation and selection [18].

Swarm Intelligence (SI) is a most popular approach of Artificial Intelligence (AI) in

information technology and biology field. It is applied for obtaining the aggregate ac-

tivities of natural social swarms like Particle Swarm Optimization (PSO), Ant Colony

Optimization (ACO), Artificial Bee Colony (ABC) and Variable Neighborhood Search

(VNS). Swarm individuals or insects are agents have unsophisticated limited capabil-

ities. These agents cooperatively get jobs for their survival by interacting with each

other under some behavioral model [19]. Swarm individuals socially interact directly

or indirectly to get the optimized solution. Due to incredible efficiency of natural swarm

system, researchers started working on the behaviors of social insects and it is fruitful

[20].

Evolution strategies For attaining the optimal solution for the numerical problems,

evolution strategies are developed. To determine the next generation, the newly pro-

duced individual is evaluated and selected by applying different selection schemes. The

fitness value is considered while selecting the individuals. Following are the major evo-

lution strategy steps:

i. Population initialization

ii. Repeat

iii. Computing fitness function

iv. Recombine the generation

v. Process of mutation

vi. Evaluation of the new generation

vii. Selection of best generation

viii. until conditions are fulfilled

I. Genetic Algorithm
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A Genetic Algorithm (GA) is inspired from biological evolution metaphor of original

Darwinian theory and mimics the operation of genetic evaluation by using heuristic

search. It is a stochastic search evolutionary algorithm used in the artificial intelligence

field of computer science. It optimized the useful solutions and solved all search prob-

lems heuristically. It solves each optimization problem that can be explained by chro-

mosome encoding with multiple solutions. GA is independent on multi-dimensional

error surface, non-continuous, non-differential and non-parametrical problems. This

mechanism understands and explains the concept very quickly without any knowledge

of mathematics. Simulations and models are easily transferred with this technique [21].

The fitness functions having poor results generate and block bad chromosome in-

stead of blockage of good chromosome using crossover operation. This will optimize

the solution and such optimization problems are known as variant problems. When

the population is large that is having complicated subjects, then it’s hard to get global

optima by GA [15].

GA cannot guarantee constant optimal response time as compared to other artificial

intelligence techniques. Due to the probability limit of GA, real-time applications can be

optimized by GA. It improves the whole population and is not defined as an individual

within this population. In a real system with a simulation model, on-line controlling

without testing first becomes unreasonable by using GA [16].

GA is an optimization method based on population and Darwin’s theory of evolution

[1]. In GA, each possible solution is represented by a chromosome. An initial population

is taken randomly which is generated by a random generator and it is used as a starting

point. A fitness function is calculated for each chromosome so that it finds whether

the chromosome is suitable or not. Crossover and mutation functions are performed on

the selected chromosomes and offspring are so that a fresh population is created. This

activity is repeated until enough offspring are created [1]. A fitness value associated

with each string is a good measurement of the solution represented in this mechanism.

Crossover operator randomly selects pairs of strings and output as a set of new pairs.

Actually, Crossover rate is responsible for the number of crossover operations. The bits

of the string is randomly mutated by the mutation operator. Mutation rate determines

the number of mutation operations. Every step in this technique produces a set of a

new generation as solutions. Figure 1.1 shows the step-by-step detail of the genetic

algorithm.
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Figure 1.1: A flow of GA process[1]

1. Pick an initial arbitrary population of individuals

2. Evaluate the fitness function of the individuals

3. Repeat until the best individual found

4. The best individuals should be selected

5. Generate new individuals by applying crossover and mutation operators

6. The fitness function for new individuals should be examined

7. The worst individuals are replaced with the best ones

8. until a stopping criterion is met
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II. Particle Swarm Optimization (PSO)

PSO is optimized swarmed intelligence stochastic population-based approach inspired

from the social behavior of birds and animals. It is motivated by the concept of social

behavior simulation and evolutionary algorithms. Its working is different from other

evolutionary techniques [22]. PSO mechanism solves the optimization problems giving

good results with good performance.

In PSO, every single result is a "bird" in the global search space known as "particle"

or set of a software agent. Particles search for best-optimized results to assign values

in a continuous form. Every particle has a solution to the given problem and selects

how to move into search area with the help of own and neighboring particles experi-

ences. Practically, initially, every particle is assigned an initial position randomly with

an initial velocity. The location of particle shows a result of the problem. So, it has

a value assigned by objective function [2]. Fitness value or fitness function measures

the performance of particle. During search space movement operation, particles store

the location of best result in their memory as it was searched. Every particle computes

its best position ‘pbest’ (Fitness value of local) and ‘gbest’ (Fitness value of an entire

group or global) is the best position of the whole group. At the end of every iteration,

movement of every particle having some velocity is computed based on three weighted

parameters like

i. The velocity drives particle towards a location in a given problem domain in which

previously best optima is found.

ii. Current velocity of particles.

iii. The particle moves to an area in problem domain in which its siblings found best

optima so far.

It is a useful tool for engineering and research area. It has not any mutation and

overlapping operation. Search depends upon the speed of the particles. Only those

particles transmit information to other particles which are optimistic during the devel-

opment of generation that makes faster processing speed. PSO has simple computation

as compared to other evolutionary techniques and has bigger optimization ability. PSO

accepts the code in real number form and takes output directly as an optimized solu-

tion. The number of dimensions is equal to the constant value of the solution. It suffers

easily from the partial optimism that creates a slow irregular speed and indirection or

wrong path of particles. This algorithm is not operatable with scattering problem and

is difficult to optimize [2]. Also, cannot work out with non-coordinate system problems
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because of the result of the energy field and movement rules of particles in the energy

field. Every step of the algorithm produces a new particle generation as described be-

low:

1. First set initialization of particles

2. For each particle compute fitness value

3. If the fitness value is better than the best value

4. Then set current value as pbest

5. Select the particle with best fitness value as gbest

6. For each particle evaluate particle velocity

7. Update particle position and particle velocity

A complete processing of Particle Swarm Optimization is as shown in Figure 1.2.

Figure 1.2: Particle Swarm Optimization process [2]
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III. Variable Neighborhood Search

Variable Neighborhood Search (VNS) is a meta-heuristic mechanism to solve global

optimization and combinatorial problems [3]. It has the structure of various neighbor-

hoods having the incumbent possibilities that move from one location to another as:

i. Shaking of particles

ii. Descent to search a local optima

iii. A perturbation step to finding the optimum local area

Some fields use the concept of VNS like scheduling, cluster analysis, location theory,

network design, vehicle routing, artificial intelligence, lot-sizing, pooling problem, en-

gineering, phylogeny, biology, geometry, reliability, telecommunication design, etc. In

this approach, heuristic first starts with some feasible options and search for a better

result with moving into the neighborhood of current result. Limitation of this technique

is its immature convergence.

If trapped around local optima, then moves in the neighborhood area of that local

optima. Overall, it escapes from the defined area. This mechanism converges into a

local optimum fast. Large size problems become a challenging issue to trap into local

optima with high value. Higher the search space more is the trapping into local optima.

To control this issue, the meta-heuristics approach applied and a design of heuristic

approach having powerful set-up taken in the problem area. It is currently developed

meta-heuristics technique in the literature to solve optimization problems and gives an

incredible performance [3].

A complete process of Variable Neighborhood Search is as shown in Figure 1.3. VNS

declare a neighborhood structure and are transferring particles systematically within a

local search. When local search occurs within local optima with respect to the neigh-

borhood, then it is VNS technique. So, this structure is additive to every particle during

a flow of shaking and moving of particles that enhance the ability of VNS to get local

optimal results. Note that using heuristic techniques, it is very crucial to design multi-

ple neighborhood structures, but VNS solves all the issues[23]. VNS has the following

major ideas:
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Figure 1.3: Variable Neighborhood Search process [3]

i. The local solutions in given siblings are not essentially a local solution in other

siblings.

ii. A global solution is local optima for the entire set of sibling structures.

iii. In several solutions, local optimum solutions are mostly near to each other.

iv. The empirical observation states that a local solution often gives some information

which belongs to a global solution.

IV. Ant Colony Optimization

In Ant Colony Optimization (ACO), some artificial ants help in building solutions for

optimization problems and via a communication scheme, exchange the information.

They find the shortest paths as the moving ants lay pheromone on the ground so that
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when another ant encounters it, it can detect it and decide to follow the trail. As a result,

the emerged collective behavior is an indication that if some ants choose a particular

path, then the probability of other ants following the same path increases [24].

The steps used for ACO approach are as follows:

1. Initialize pheromone trails

2. Produce an underlying population of a solutions (ants)

3. For every ant, calculate fitness function

4. Determine the best position for each ant

5. Find the global best value (ant)

6. Update the value of pheromone

7. Process the termination step

A complete flow process of Ant Colony Optimization is as shown in Figure 1.4.

Figure 1.4: Ant Colony Optimisation Flow Process [4]
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V. Artificial Bee Colony

Artificial Bee Colony (ABC) is a popular approach for optimization that simulates the

intelligent foraging nature of honeybees. In this mechanism, three types of bees are

considered. The first ones being the employed bees and search the food They search

and share food source related information with onlooker bees. The job-shop of onlooker

bees is to filter out the good food sources amongst those found by the employed bees.

The highest quality (fitness) food source is more likely to be selected. The employed

bees that abandon the food source and search for new ones are called scout bees [4]. A

complete flow of ABC is as shown in Figure 1.5.

Figure 1.5: Artificial Bee Colony Flow Process [5]

The steps used to find the good food in ABC mechanism is as follows:

1. Initialize a random population

2. Evaluate its fitness function

3. Pick sites for neighborhood search

4. The bees for picked sites should be examined and the fitness function is calculated

5. From each patch, the fittest bee should be selected.
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6. Remaining bees are assigned randomly to search and compute fitness value

7. Termination condition processed

It is a based on population and is a meta-heuristic technique developed from the

inspiration of honeybee swarm having intelligent foraging behaviors. It has three types

of foraging bees: employed bees, onlooker bees, and scout bees. Firstly, it generates

a randomly distributed initial population called food source positions. Nectar amount

of new one is more than that of the previous source. Bee stores the new location in

memory called source position and old position removed from the memory.

Employed bees that exploit a food source currently generate updated source position

in memory and verify the current nectar amount and compare it with old one. If it is

higher, then store it in memory [5]. Further, the job-shop of onlooker bees to wait in

the hive for information to be shared by employed bees about their food sources. The

job-shop of scout bees is to search currently for a new food source in the vicinity of the

hive.

Artificial Bees adopt alternative path for honey integration. They compute their cur-

rent location from past trajectory path continuously. Due to bees moves back to home

using the direct route as compared to backtracking a path which was the original route.

So, this algorithm emerges faster and is less adaptive. It takes few steps to find and

collect the food and becomes more efficient. ABC has minimum computation time for

job-shop completion. Sometimes it gives poor results due to the generation of ran-

domization sequence. It has low efficiency relatively as compared to other heuristic

techniques but has powerful characteristic efficient global optimization [24].

VI. Cuckoo Search

Cuckoo Search (CS) is inspired by brood parasitism of some cuckoo species. They lay

eggs in the nests of the birds of different species. Below are the three basic rules for this

algorithm:

i. One egg is laid at a given time and dumped in a randomly selected nest.

ii. Only the nest having the higher quality eggs are moved to the next generation.

iii. The number of host nests is fixed and the probability of discovering the egg laid by

the cuckoo by the host bird is ‘Pa’. The host can discard the egg or it can abandon the

nest and build a fresh one.
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The steps used for CS approach are as follows:

1. Define objective function ‘f(o)’

2. Formulate the initial population of ‘h’ host nest

3. Eggs should be ranked after assessing the fitness

4. Get a cuckoo arbitrarily or produce new solutions by Levy flights

5. Assess fitness function ‘Fi’

6. Choose a nest ‘j’, randomly

7. if ( Fi > Fj ) , then Replace ‘j’ with the new solution

8. Abandon the worst net with probability ‘Pa’ and a new nest is then built

9. Assess fitness, rank the solutions and find the current best

A complete flow process of Cuckoo Search optimization is shown in Figure 1.6.

Figure 1.6: Cuckoo Search optimization flow process[6]
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VII. BAT Algorithm

The standard BAT Algorithm (BA) was created by Xin-She-Yang in 2010. The main

features in the BAT are based on the echo sounding nature of microbats. BAT discover

their way in the night by radiating the sound signal called sonar/echolocation and use

that signal to detect the object or obstacles surrounding them. They emit sonar signal

very noisy so that they can listen to echo which bounces back from the obstacles in their

way or the prey[7].

Most of the bats utilize echolocation to detect distance and they usually also know or

guess the distinction between food or target and background obstacles in some means.

Bats travel randomly with ‘vi’ speed at ‘xi’ position with a fixed frequency Fi, changing

wavelength as well as loudness ‘A0’, to seek for prey. They are able to instantly alter the

wavelength (or frequency) of their released pulse rate and modifies the speed of pulse

emission ‘r’ in the range of [0,1], rely upon the target proximity.

Despite, the sound intensity can fluctuate in many approaches. For simplicity, the

sound intensity varies from large and positive A0 to minimal steady value which denotes

by Amin.

A complete flow process of BAT optimization is shown in Figure 1.7.

Figure 1.7: BAT optimization flow process [7]
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A comparision of all the metaheuristic search techniques discussing there pros and

cons is elaborated in Table 1.1.

Table 1.1: Comparative analysis of metaheuristic based scheduling techniques
S.No. Technique Pros Cons

1 Genetic Algo-

rithm

Finds near-optimal solu-

tion; Avoids being trapped

in locally optimal solutions

No guarantee of finding

global maxima; Conver-

gence time is more.

2 Particle Swarm

Optimization

Fast search speed; Calcula-

tion is simple

Tendency of premature

convergence; Suffers from

partial optimism

3 Variable Neigh-

borhood Search

Descent to local optima;

Use very little memory;

Simple, easy to understand

and implement

Stuck in local optima; Poor

convergence speed

4 Ant Colony Op-

timization

Inherent parallelism; Can

be used in the dynamic ap-

plication

Time to convergence is un-

certain

5 Artificial Bee

Colony

High Performance; Fewer

control parameters; Eas-

ily modified and hybridized

with other meta-heuristic

algorithms

Risk of losing relevant in-

formation; The population

of the solution increases

the computational cost

6 Cuckoo Search Global convergence;

Global optimality

Does not incorporate any

local search to increase the

convergence speed

7 BAT Algorithm Some solutions; Frequency

tuning; Simple, flexible

and robust

Slow convergence speed at

a later stage

1.4 Finding a good schedule

Locating a superb objective to maximize or minimize certain measures of performance

is tough for the scheduling problem, it’s incredible reasons. To start, important objec-

tives the same as client satisfaction with quality or promptness are tough to quantify

for proper analysis. Secondly, a store is in the main handling three different kinds of

objectives, which are not the same:

i. maximize shop throughput over a long time;

20



ii. satisfy customer desires for quality and promptness; and

iii. minimize current out-of-pocket costs. Several ways to locate the desired objectives

are possible. They are often:

iv. solve troubles with one objective before beginning;

v. solve for trade-off curves between objectives; and

vi. Combined objectives the same as minimizing the makespan and lowering the re-

source idle time when getting effective use resources.

A scheduling system dynamically makes a decision about matching activities and

resources so that they can finish jobs and projects inside the suitable certain period of

time, maximizing throughput and minimizing direct operating costs.

1.4.1 Multi-stage, Multi processor

The sort of shop scheduling problem is in general and as well most challenging to

locate the desired objective. Here don’t see any restrictions about the requirements

linked to each task, in order that a hobby could possibly want processing of any subset

of processors within the conceivable order. Mostly, the criterion is usually to reduce

maximum flow time. All optimization ways to this concern are generally branch and

bound procedures of Giffler and thomsans.

1.4.2 Batch Shop

A jug shop is without a doubt an empty shop with the objective the duplication in WIP

(Work in Process) and final production between customers become so large that large

batch processing is typical to have made use of economy of scale in processing similar

parts (lot sizing). Flow through a store is not completely linear, but is usually less

complex compared to closed or open shops.

1.4.3 Flow Shop

A flow shop works as a jug shop with the linear flow. The flow would be discrete,

continuous or semi-continuous. Grouping and letting are typically important. In the

exact easiest case, each job consists of the few activities being performed in the identical

sequence on a single few machines per job. That could be, in the exact easiest case,

there is only a particular machine that does the most crucial activity in each job, another

that does another, and for that reason on. The most concern is a straightforward flow

shop problem. In compound flow shop, each machine while using series may perhaps
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be replaced by several parallel machines, which is identical or very different. Each job

would flow to many of the machines in the primary cluster, then too many of the second

cluster and for that reason on.

1.4.4 Assembly shop

An assembly shop is definitely an open shop or batch shop that activities join to sub-

assembly activities, which in turn join to subassembly activities. Ultimately, this joins

assembly unit, forming the final product. Labeling and cannibalization issues, which

are typically crucial in open shops, remain important here also. A selected WIP item

may perhaps be inventoried at numerous amount process simultaneously. Whether or

not to take into account the assembly shop as distinct external to shop is ambiguous.

Nevertheless leads rather naturally inside the assembly line.

Methods or techniques used for scheduling problems:

i. Branch and bound technique are one of the important technique used on large

scale in optimization problems. It is commonly used for solving the combinatorial

problem. This method consists of two processes of branching and bounding. In this

technique, a given problem divides into a set of few new problems. The method

of solving these problems is similar to the method of the original problem. The

sequence problems are assigned by the points which denote the vertices and their

positions denote the nodes of a tree which is called as the branching tree formed

for finding the optimal solution of the problem.

ii. LPT (least production time) rule of scheduling-Here the jobs are scheduled in such

a way that the time required for finishing the second job is less than the time taken

by the first job that is in decreasing order of processing time.This is called LPT rule

of scheduling.

iii. Two level mixed optimization method is one of the best methods of scheduling as

it decides the priority of machines to be used for operations and is considered as

first level.The second level decides the extra time required for particular machine

for getting maximum output. This type of scheduling is used in machine shops

especially run by government, as because of worker union no worker is ready to

work for more than 8 hours and there is no planning of extra work schedule.

iv. Deterministic scheduling theory optimization and approximation algorithm in terms

of computational complexity theory for single unrelated parallel machine schedul-

ing, open shop, job shop, and flow shop scheduling. Machine arrangement is identi-

cal, uniform and the results of the computational theory are widely used for getting

the required result. The deterministic scheduling theory links the computer theory

and operational research theory.
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1.5 Industrial examples

Any Manufacturing firm not engaged in mass production from the single item has

scheduling problems for not less than similar compared thereto of the job-shop. Each

product has some route through various work areas and machines while using fac-

tory. Together with the printing industry, time spent in typesetting the Sunday paper

will depend on its length, selection of illustrations, etcetera; time spent in a printing

will depend on both its length and also number printed; time allocated to binding is

good bumper printed; happening time spent in packaging will be based both within the

bumper printed and also book’s size. Thus a printer who must schedule producing var-

ious books through his typesetting, printing, binding and packaging departments faces

a four-machine flow shop problem; for a department is actually a machine and all the

jobs (i.e. the books) flow from typesetting to printing, then to binding and ultimately

to packaging.

Within the community of open shop scheduling, look at a large automotive garage

with specialized shops. A motor vehicle may necessitate the below works: replace

exhaust pipeline and muffler, align wheels and tune-up. These three tasks may perhaps

be achieved in any order. However, on the reasons that exhaust system, alignment and

tune-up shops are usually in many buildings, therefore it is extremely hard likely that

just perform two tasks simultaneously. Here n-jobs can be taken up first and processed

most of the machine centers, as there isn’t any specific sequence as replacements to do

the job in open shop scheduling. In these kinds of example preemption usually isn’t

desirable. These problems are interesting from theoretical angle also.

The run the place shuttle would perhaps be somewhere between a closed and a

clear job shop. A manufacturer of a mainframe computer is often a confusing mixture

of custom orders and repeat orders. A tractor house builder is a wonderful instance of

a clear shop. A just to illustrate for a batch shop is perhaps an oil refinery.

1.6 Identical parallel processor scheduling

The performance measures active inside the Identical Parallel Processors are as follows;

makespan, total tardiness, many tardy jobs, maximum lateness etc. The schematic repre-

sentation of the average identical parallel processing environment involving three iden-

tical machines, required to supply eight jobs, is shown in Figure 1.2. Most of Identical

Parallel Processor (IPP) scheduling processor problems are NP-Hard and that happens to

be computationally challenging. Hence the building of accurate and efficient heuristics

could be expected to unravel large instances of these problems. The sphere notation

introduced by Lawler et al. α, β and γ was used throughout the work to spell out the

cutter characteristics, job characteristics as well as the defined performance measure.
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1.7 Various heuristic search algorithm

When using the growing uncertainty and complexity around the modern manufacturing

system environments, use many of the scheduling complaints are became NP-Hard (that

is, computational requirements grow exponentially being a function of, however, the

drawback size).

Moreover, the perfect space for almost any scheduling concern is discovered to be

difficult to pinpoint for devising a way to get to the suitable or maybe a near-to-optimal

solution around the complex solution space. Hence, however, the drawback necessi-

tates the sufficient and appreciable quantum of research effort to achieve out its goal.

Reported by its tradition, optimization algorithms and approximation techniques have

played a crucial role in solving complex scheduling problems.

The optimization algorithms include various enumerative procedures and mathe-

matical programming techniques (such as Linear Programming, Integer Programming,

Goal Programming, Transportation model, Network Analysis, Dynamic programming,

Game theory, Sequencing Models, and Geometric Programming). These techniques are

widely known as worthwhile for solving smaller size and over-simplified problems and

located always reasonably well in providing satisfactory optimal solutions. Attributable

to complexities around the varieties of scheduling problems, these techniques are not

trusted upon satisfactory solutions.

On the whole, the approximation techniques add the Implicit Enumeration Tech-

nique (Branch and Bound Algorithm BBA, Decomposition method, Lagrangian Relax-

ation LR, Priority rules, Heuristics), Local Search algorithms (Iterative Search ITS,

Simulated Annealing Algorithms SAA, Threshold Annealing TA, Variable Neighborhood

Search Algorithm VNS and Tabu Search TS) and Evolutionary Algorithms (Genetic Al-

gorithm GA,

Particle Swarm Optimization PSO, Harmony Search Algorithm HSA). Especially these

techniques are discovered to be robust and yield financial success, their performances

are satisfactorily supplying the objectives defined around the manufacturing systems

and operating conditions remain same.

As use many of the heuristics employ efficient local search algorithm, they are known

to produce excellent results, however, are susceptible to put together struck with local

entrapments. The exploration relates anywhere int he planet search plus the exploita-

tion relates to local search. The exploration is made up of probing a much bigger

portion of this search space with the expectation of finding other promising solutions

which are not refined. This operation amounts to diversify the search to prevent getting

the trapped interior of a local optimum.

While with the exploitation, it truly is made up of probing a smallish (but promising)

region of this search space with the expectation of improving promising solutions we
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have definitely at hand. This operation amounts to intensify (refine) the search around

the vicinity of solutions. Owing to the telltale substantial characteristics and features

about heuristics, they can indeed be more spent on the investigation for solving complex

scheduling problems. This particular research work, few the completely search heuris-

tics are fine-tuned and tailor-made to devise intelligent mechanisms to build satisfactory

schedules for IPP scheduling problems.

These approximate goals are necessary because it is hard to define long-run profit

in the short-run situation where it often appears that all costs are fixed. Results of the

scheduling activities are fed back to the other planning and control areas to improve

their decision making.

To differentiate between schedules and to select the best one, we have to have some

measures of effectiveness, as in other areas where we want to “optimize”, with which

we can compare the different solutions.

In general, we want to minimize either the length of operation time such as total

processing 8utime, the completion time for certain products, average finishing time,

total project time, minimize idle time, or we want to minimize certain costs such as the

unit cost of production, total cost, etc. Examining the different measure of effectiveness

more closely we find that some of them are not applicable for certain problems and

that, what is worse, many of them are contradictory. Here we face "the dilemma of

scheduling", which is particularly evident in job shop production. The following points

are examples of the contradiction in the scheduling operation:

i. We want to decrease the average in-process time of our work orders, thus decreas-

ing in-process inventory and increasing the likelihood of meeting due dates.

ii. Also, we want to increase the degree of utilization of equipment, thus increasing

the return on our investment in physical facilities.

Achievement of the first goal would lead to the selection of the schedule with the

smallest in-process time for all our products, such as the processing time, the trans-

portation time, the waiting time, and the setup time. This objective focuses on the jobs

to be done and implies moving them rapidly through the production process. To achieve

the second goal, we need to pick the schedule that maximizes the utilization of existing

capacity. This objective focuses on the machines and implies arrangement of jobs to suit

the machines.

1.8 Thesis organization

After the introduction to the thesis in Chapter 1, the rest of the thesis is structured as

follows:
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Chapter 2 discusses the literature survey in the area of machines computing, job shop

scheduling. It also lays out a discussion on the job shop duplication based scheduling

techniques. Finally, it outlines various meta-heuristic techniques and demonstrates the

limitations of existing scheduling techniques.

Chapter 3 discusses the mathematical formulation of job-shop scheduling. Then, gaps

in the literature are formulated. Afterward, problem definition and objectives are de-

fined.

Chapter 4 discusses the proposed job-shop scheduling technique.

Chapter 5 demonstrates the experimental set-up for simulating the proposed tech-

niques. It also describes the required number of attributes along with their tuned values.

Experimental results have been described in the tabular and graphical forms.

Chapter 6 gives the concluding remarks on the research by highlighting the significant

contributions of the work done. Future directions of the implemented research work

have also been presented towards the end of this chapter. The chapter concludes the

thesis, by explaining briefly, the outcome of each of the chapter.
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Chapter 2

Review of literature

Outline

This chapter reviews job shop scheduling techniques and its basics, followed by a de-

tailed survey of existing meta-heuristic techniques. Finally, it outlines comparison be-

tween various meta-heuristics based scheduling techniques.

The continuous changing demands of the purchasers and the desire to deliver better

quality products are considered for the driving factors to improve the performance of

manufacturing systems. The manufacturing system may need to enjoy the adaptability

to achieve the necessary requirements of this manufacturing systems as soon as possible.

Within the last three decades, these manufacturing systems have attained an amazing

growth by introducing and implementing various managerial concepts and various tools

that control the fabrication procedure based on backyard garden production environ-

ments and also coordinating the desired communications between various levels of or-

ganization using various advanced information technology. Various methodologies for

solving identical parallel machine scheduling troubles are discussed in section 2.2. In

section 2.3 scheduling depending on machine breakdown is discussed. Multi-objective

scheduling is discussed in section 2.4. Research gaps and conclusions are discussed in

section 2.5.

2.1 Identical parallel processor scheduling

The identical parallel machine scheduling troubles are solved using classical mathe-

matical methodologies like dynamic programming methods, mixed integer linear pro-

gramming etc. While thinking about the meta-heuristics, various meta-heuristics have

been completely applied to fix identical parallel machine scheduling problems. The
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meta-heuristics, Tabu Search (TS), Simulated Annealing Algorithm (SAA), Genetic Al-

gorithm (GA), Particle Swarm Optimization (PSO), Harmony Search Algorithm (HSA)

are viewed as since several attracted heuristics among the many researchers. The taxo-

nomic framework for scheduling is depicted in Figure 2.1.

2.1.1 Tabu Search

Kim et al. (2003) [25] presented a restricted tabu search algorithm to schedules the

jobs on parallel machines. The main objective of this technique was minimized the

maximum lateness of the jobs. It was also reduced the search effort significantly while

obtaining good quality final schedule.

Schaller (2014) [26] proposed an improved Tabu search algorithm for scheduling

of jobs on identical parallel machines. The main objective was to reduce the overall

tardiness. In this technique, genetic algorithm was also used to obtain better results.

Li. et al. (2016) [27] designed an algorithm in order to reduce the makespan. GA

and TS were used to schedule the jobs inflexible manner.

Kuhpfahl et al. (2017) [28] suggested the use of heuristic in scheduling of jobs to

reduce the overall tardiness. In this technique, local search algorithm was utilized to

enhance the ability of heuristic techniques to make scheduling more efficiently.

Nouiri et al. (2018) [3] utilized PSO algorithm to carried out flexible job shop

scheduling. The main objective of this algorithm was to maximize the throughput.

Rameshkumar et al. (2018) [2] studied the use of PSO algorithm in job shop

scheduling. The main objective was to reduce the makespan time.

2.1.2 Simulated Annealing Algorithm (SAA)

Melouk et al. (2004) [29] suggested SAA that reduce makespan time for scheduling

the non-identical jobs on single machine.

Lee et al. (2006) [30] addressed the problem of maximum execution time. It

used SAA to schedule the jobs on machines in parallel fashion in order to reduce the

makespan and maximize the execution time.

Damodaran (2012) [31] utilized SAA algorithm to reduce the overall makespan

time for parallel batch processing machines with unequal job ready times. The results

showed that it provides better results than existing techniques.

Yeh et al. (2014) [32] proposed an algorithm using fuzzy and machine learning

techniques to schedule the jobs on parallel machines. The aim of this technique was to

minimize the makespan.

Shivasankaran et al. (2015) [33] studied immune SAA algorithm to efficiently

schedule the jobs. This technique maximized the speedup and utilization of machines.
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Kuhpfahl et al. (2016) [28] improved the utilization of machines by using local

search neighborhood algorithm for job scheduling. It effectively reduced the overall

tardiness of machines and enhance the efficiency.

Dao et al. (2018) [34] proposed an algorithm using BAT to optimize the makespan

of parallel machines for job-shop scheduling. It was also minimized the energy con-

sumption and waiting time.

2.1.3 Genetic Algorithm (GA)

Rajakumar et al. (2007) [35] utilized GA to balance the load on parallel machines for

job scheduling. It also enhanced the efficiency of machines.

Tseng et al. (2009) [36] studied GA and local search algorithm to solve the job-

shop scheduling problem. The permutation operation was used to assign the jobs to

machines. It minimized the makespan time of machines.

Chaudhry et al. (2009) [37] given a novel method using GA which eliminates 100

% tardiness including few jobs on identical machines. It was able to balance the load

efficiently among available machines.

Tavakkoli et al. (2009) [38] designed an algorithm using GA for unrelated parallel

machines scheduling with bi-objective fitness. The main focus of this algorithm was to

reduce the tardiness of machines to enhance the efficiency.

Balin et al. (2011) [11] dealt with job-shop scheduling problems by means of GA.

To enhance the speed, fuzzy technique was also utilized. It reduced the makespan time

and load balance rate.

Chen et al. (2012) [8] created a management protocol motivated by simply Inher-

ited Algorithmic rule regarding job browse management concern by means of analog

appliances and reentrant process.

Zhang et al. (2013) [39] suggested a new rescheduling technique using GA and TS

which dynamically manage the jobs when breakdown of machines occur.

Spanos et al. (2014) [40] proposed parallel GA to manage the jobs on identical

machines. The concept behind to use parallel GA was that it enhances the speed up

time. The classical GA is time-consuming technique which adversely affects the overall

performance of scheduling algorithm.

Zhang et al. (2016) [41] solved the energy consumption issue related to job shop

scheduling. To solve this issue, GA with enhanced local search was used using multi-

objective fitness function. It minimized the total weighted tardiness and total energy

consumption.

Peng et al. (2018) [42] used GA for double-resource flexible job shop scheduling.

Experimental results showed that the proposed technique provides better utilization

and throughput as compared to other techniques.
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2.1.4 Particle Swarm Optimization (PSO) Algorithm

Torabi et al. (2013) [43] designed multi-objective particle swarm optimization (MOPSO)

for parallel machines to sole job-shop scheduling problem. It minimizes the load bal-

ance rate and overall tardiness.

yin et al. (2014) [44] solved the job-shop scheduling algorithm using discrete PSO.

TO reduce the tardiness, local neighborhood search was applied. The results showed

that it better performance as compared to existing techniques.

Muthiahet al. (2016) [5] used the combination ABC and PSO to reduce the makespan

around the shops. The optimal makespan fitness feature exactness around the consist

of strategy was 94.23 % in comparison as nicely optimization processes.

Wu CC, et al. (2018) [45] designed a two-stage three-machine assembly flow shop

scheduling with learning consideration to minimize the flow-time by six hybrids of par-

ticle swarm optimization. But, it suffers from the load balancing issue.

2.2 Multi-objective scheduling

Recently, many multi-objective optimization based techniques have been designed to

achieve an efficient scheduling results. In it, generally Pareto optimal solutions are used

to achieve the desired goal.

Ruiz et al. (2007) [46] used recommended based multi-objective job-shop schedul-

ing technique to reduce the energy consumption and makespan time in an efficient way.

It has efficiently balanced the workload between available machines.

Liang et al. (2013) [47] designed an important variable local community query

(VNS) algorithm along with an array of pismire settlement SEO algorithm to resolve

an identical parallel appliance preparation challenge with several inconsistent plans:

generate period together with total tardiness.

Zarandi et al. (2015) [48] utilized Non dominated sorting based genetic algorithm

(NSGA)-II to schedule the jobs between available machines.

Zhang et al.(2016) [41] implemented a novel multi-objective optimization based

job-shop scheduling technique. The main objective of this technique was to minimize

the makespan and energy consumption and to maximize the efficiency of machines.

Zhao et al. (2018) [49] designed a two-generation Pareto ant colony algorithm for

multi-objective job shop scheduling problem with alternative process plans and unre-

lated parallel machines. However, it suffers from poor convergence speed issue.
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Chapter 3

Problem formulation

Outline

This Chapter defines the mathematical formulations of the proposed techniques. The

significance of proposed technique is also discussed. Various performance metrics which

have been used in this thesis to compare the job-shop scheduling techniques have also

been described.

3.1 Gaps in literature

This section describes various gaps that are identified in the literature. Majority of ex-

isting researchers have neglected at least one of the following issues:

1. Stuck in local optima: Stuck in local optima is found to be a major drawback of

majority of existing meta-heuristic based job-shop scheduling techniques. It can be

successfully solved by considering the hybridization of meta-heuristic techniques

with other meta-heuristic techniques.

2. Convergence speed: Majority of existing metaheuristic based job-shop schedul-

ing techniques suffer from poor convergence speed issue such as GA, ACO, VNS

etc.

3. The initial amount of particles: From the literature review it has been found that

PSO variants suffer from the initial number of particles selection issue. It states

that poorly selected particles may lead poor results most of the time.
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3.2 Problem definition

Scheduling is concerned with the problems of optimally allocating available resources

to process a given set of jobs. In particular, scheduling jobs on multiple machines has

received extensive study in the past four decades, in computer science, operations re-

search, and system sciences

As per the literature review, one of the main issues in parallel environment is effi-

cient scheduling of jobs. Job-shop scheduling is required to schedule the workload be-

tween machines. An efficient job-shop scheduling technique has an ability to reduce the

makespan and energy consumption of machines. Job-shop scheduling helps to achieve

high user satisfaction and resource utilization ratio. With proper job-shop scheduling,

hot-spots can be prevented and resource utility levels can be improved.

Therefore, job-shop scheduling techniques can further reduce energy consumption of

machines thereby, reducing carbon emission and cooling requirements of the parallel

machines, which is a dire need of machines computing. The review of existing job-

shop scheduling techniques has shown that the majority of existing job-shop scheduling

problem is NP-hard in nature. Therefore, there is a need to develop a near to optimal

job-shop scheduling technique that can improve the performance of parallel machines

by assigning the workload between machines in an efficient manner.

Recently, several researchers have solved job-shop scheduling issue by considering

well-known meta-heuristic techniques. These techniques are Genetic algorithm (GA),

Particle swarm optimization (PSO), Variable neighborhood search (VNS), Ant colony

optimization (ACO), BAT algorithm, Artificial bee colony etc. However, these meta-

heuristic techniques suffer from one of these issues: premature convergence, poor con-

vergence speed, initially selected random particles and stuck in local optima issues. Ad-

ditionally, majority of existing researchers have considered scheduling of independent

jobs only.

To handle these issues a hybrid meta-heuristic based job-shop scheduling techniques

is proposed in this work. Hybridization of ACO and GA based technique has overcome

numerous issues associated with existing techniques. The comparisons will also be

been drawn between proposed and existing techniques by considering some well-known

parallel performance metrics.
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3.3 Objectives

To remove the issues associated with existing meta-heuristic based job-shop scheduling

techniques, following objectives have been formulated:

1. To study and analyze the performance of ACO based job-shop scheduling tech-

nique.

2. To design and implement a hybrid meta-heuristic based job-shop scheduling tech-

niques using ACO and GA.

3. To compare the proposed techniques with existing meta-heuristic techniques by

using the following performance metrics:

• Makespan time in seconds

• Average execution time in seconds

• Energy consumption in joules

3.4 Performance metrics

This section describes various well-known quality metrics which are used to evaluate

the performance of job-shop scheduling techniques. These metrics are as:

3.4.1 Makespan

Makespan is a well-known quality metric used in parallel and distributed computing.

It determines the time till the entire jobs running on all machines get executed. It is

computed by taking the maximum value of schedule length of each VMi. Therefore,

makespan should be minimized. Makespan (ms) is computed as follows:

ms = max
(
sl
)

(3.1)

Here, sl is the schedule length of each VMi.

3.4.2 Energy consumption

Energy consumption is another performance metric used to evaluate the energy con-

sumed by parallel machines. It is measured in Joules (Nj). It should be minimized.

Energy consumption is computed as follows:

EC = λ× It + δ ∗Bt (3.2)
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Here, It and Bt represent idle and busy time of VMi, respectively. Also, λ and δ denote

energy consumption for idle and busy time of VMi, respectively.

3.4.3 Execution time

Average execution time (AET ) is the proportion of time spend during the computation

of jobs and communication between machines. AET is computed as:

AET =

∑N
i=1E

i
x

N
(3.3)

Here, Ex represents execution time of each machine. N defines total number of ma-

chines.
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Chapter 4

Proposed technique

Outline

In this Chapter, machines model has been designed along with its fitness function. The

primary objective of this chapter is to design and model new job-shop scheduling tech-

niques to minimize designed objective function for machines data centers. For efficient

execution of user jobs, different scheduling techniques have been proposed in this Chap-

ter. These are (a) Genetic variable neighborhood search with job-shop duplication,

(b) Multi-objective genetic variable neighborhood search using job-shop duplication,

(c) Hybrid meta-heuristic based scheduling with job-shop duplication and (d) Hybrid

genetic-variable neighborhood search with particle swarm optimization.

4.1 Job shop scheduling problem

Job shop scheduling is an optimization problem and in JSSP resources are allocated

to perform a collection of jobs at a particular times. In JSSP Resources are allocated

to perform a collection of jobs at particular times. In JSSP, there are m number of

jobs i.e J1, J2, J3....Jm each of the jobs having different processing times. Which is to

be processed on m number of machines each having different processing speed con-

sidering every single job-shop must schedule once on a machine. The main aim of

job-shop scheduling problem is to reduce the makespan with the best machine pro-

cessing sequence for all jobs. In 1966,Graham presented competitive analysis for the

combinatorial optimization JSSP problem. In this work, Talliard benchmarks gives the

best problem instances for make span objective for basic models [10].
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4.1.1 Description of the Problem

1. There is m number of jobs which is to be processed on n number of machines.

2. Every job-shopi takes Ji precedence-Constrained operation to be performed.

3. On the number of substitutes (alternate non-identical) operation j of task i(O(ij)

is processed and t(ijk) is its processing time which differs from the features of the

machine k.

This gives the multiple routing of jobs. If a machine tool is overloaded for a limited pe-

riod of time while the other one is idle.where capacity problem arises, substitute routing

is useful there. Assumptions To solve Job Shop Scheduling Problem the following are

the assumptions and constrained to be considered are

1. All the jobs are different

2. Machining time includes job-shop setup time.

3. Job shop description is already known

4. All the machines are frequently available.

5. There is no break in between job-shop processing.

6. Machines are not able to process parallel jobs at a time.

7. Each of the machines must process a job.

8. To complete the process, each of the job-shop requires m machines.

9. Preemptions are not allowed. The processing order is not same and

10. Operations are not interrupted.

There are many optimization techniques which have been applied to solve JSSP.

Some of the traditional methods such as Lagrangian relaxation and branch and bound

are based on traditional methods like numerical search and mathematical model can

persuade the optimum solution. To solve JSSP, these are the methods which have been

used efficiently and effectively. These methods are used to solve large computational

problems like problem size of 10 × 10 and Problems like JSSP but there is a computa-

tional limit exist because it consists of high computational time resources.

[50] Earlier using approximation optimization method or meta-heuristic method(like

Simulated annealing and tabu search, in there iterative or search process these meth-

ods follow stochastic steps.), Larger size problems like JSSP has been solved. However
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optimum solutions are not guaranteed by these methods.

There is a 3×3 job-shop scheduling problem which is to be performed on 3 jobs and

3 machines as illustrated in Table 4.1.1.

In this example, there is a pre-defined machine sequence on which that three op-

erations are to be processed. On machine N1,the first job-shop(J1) is to be operated

initially for time units 10 and then on machine N2 and machine N3 job-shopJ1 is to

be processed sequentially for time units 9 and 8 respectively.The job-shopj2 have to be

initially performed on N3 for 9 units of time and sequentially for the after jobs N1 and

N2 for 8 and 7 units of time, respectively. similarly for J3 the third job-shop to be per-

formed on three machines with scheduled processing time. In order to optimize single

or multiple scheduling objectives, our main task is to schedule all the jobs to search best

schedule(s) for utilizing all pre-defined jobs.which is used to get the best of schedules

alike the minimization of the makespan (Cmax).

Job
Operation Time Machine(Nk)

Oij tij N1 N2 N3

J1

O11 10 10 - -

O12 9 - 9 -

O13 8 - - 8

J2

O23 9 - - 9

O21 8 8 - -

O22 7 - 7 -

J3

O33 10 - - 10

O31 8 8 - -

O32 11 - 11 -

Table 4.1: Three-jobs-three-machines scheduling problem example with processing time

4.2 Ant colony optimization

ACO algorithms are inspired by the hunting(foraging) behavior of natural ant colonies.

Pheromone is a substance which ants deposits individually while moving from nest to

food sources and vice versa. So, the other ants go after the deposited pheromones to

find the path. Therefore the vigorous pheromone in a path has the highest probability

of choosing that path.accordingly, all the ants will follow the shortest path from nest

to food. Every single ant works as a computational agent where an ant colony based

technique uses these agents to guide the search mechanism for optimality in the solution
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space [51].

Considering previous concept, Ant chooses one of the nodes and each artificial ant

starts with an empty position. Until a complete tour is built, an ant iteratively fixes

an unsolicited node to the partial tour constructed. At each particular step, a node

is selected by using a transition rule depends on the pheromone trail to guide(lead)

the other ants as local pheromone updating rule. Use the performance quality of con-

structed tour. When all ants in the colony have created their tours, then the search gets

more directed by applying a global updating rule, the pheromone trails are modified.

The methodology of the proposed ACO based algorithm is described as follows.

4.3 Methodology

In Scheduling, The Job Shop Scheduling problem made up of m number of jobs hav-

ing varying processing times with n number of machines.where all the machines are

same and flow of working of each job shop is unidirectional. While examining job shop

scheduling problem it is supposed that the order in which all machines process each job

shop is same on all machines. This kind of schedule is known as permutation schedule

and is described as complete sequence of all jobs. Following terminologies are used in

the proposed methodology:

m number of jobs which is to be schedule.

n number of machines in job shop scheduling

Pab activity time of job-shop a on machine b

ta′b build up time on machine b,when job-shop a′

α Required set of job shop already processed out of n number of jobs

l last job shop in α

q(α, b) finish time of partial sequence α on machine b

α(a, b) finish time of job-shop a on machine b,when partial sequence α has

subjoin the job

By this recursive equation,the finish time of αa on machine b can be found.

q(αa, b) = max(q(α, b) + tbl,a′ ; q(αa, b− 1)) + Pab (4.1)

where q(Φ, b) = 0andq(α, 0) = 0 for all b and α,a null schedule is denoted with Φ

for all machines,it is supposed that tΦa exits for all the jobs. It is also supposed that

when each of the job shop is not obtainable at the machine then also can do setup of a
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machine.

The sequence time of job-shopa, Ca is given as follows:

Ca = q(αa, n) (4.2)

Makespan M is achieved as follows when each task is scheduled.

M = maxCa, a = 1, 2, 3...........,m. (4.3)

4.4 Ant colony based job shop scheduling

This section provides step by step detail of the ant colony based job-shop scheduling

technique.

Step 1: Start the pheromone trail and specifications

Step 2: closing condition is not meeting. While(if loop is not closing) apply the steps

given below

• create a solution

• item using Local Search upgrade the solution

• Amend the perfume concentration,Symbolize as τap, where τmax ≥ τap ≥
τmin

Step 3: return best solution found.

In the reference of the relevance of ACO algorithm to Job shop scheduling prob-

lems, τap stands for trail intensity of framing job-shop a in position p of an ordering.for

each iteration of every job-shop a of position p, pheromone value is updated and stored.

In the accordance to assure that during the process of restoring(update) the trail, the

trail intensities would not go above bottom line certain limits.For τap,The Maximum and

minimum value indicated by τmax and τmin,respectively as the MMAS introduced.

4.4.1 Parameters initialization

At first,all τap are set equal to τmax,where τmax is equal to τmax/5. Oberseve that persis-

tence of the trail is denoted by ρ and is set to 0.75. eτmax ≥ τip ≥ τmin is kept in the

MMAS search process.The best value of objective function is refers to the team Mbest

that has been obtained so far and gave a solution to the given flow shop scheduling

problem with the aim of minimizing the makespan.
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Modified first move strategy improved the solution by local search. In the Paper,

local search procedure is referred as the position based local search procedure. Mbest

is set for the makespan solution produced by this local search procedure and τap are

initialized.

4.4.2 Ant sequence generation

By choosing a job shop for the first position, an ant starts constructing a sequence,

second position for the nonscheduled job and so on. initially a dummy job shop O is

established and the partial construction sequence begins. It leads to the building of

complete sequence. The following procedure in case of ant colony optimization is used

to select an unscheduled job, say job-shop a, for probabilistically position p.

In the range [0, 1],sample a uniform random number u.

The job-shop that are not yet scheduled, choose the job-shop with top mpst value of

τap if u ≤ (m− 4)/m, else.select job shop a from the unscheduled job shop first five-set

present in the best sequence acquired so far. Sampling from the following probability

distribution for position p.

εap = (τap/Σa
”τap); (4.4)

Here,job-shop a” belongs to the first five scheduled jobs, as present in the best job shop

sequence so far. Note that, all the unscheduled jobs are considered when there are less

than five jobs which are not scheduled yet.

A complete job shop sequence is made up by making use of the above terminologies for

providing a job shop to the available partial sequence, starting from a null sequence.

This type of generated sequence is called an ant sequence.

4.4.3 Updation of trail intensities

To enhance the quality of solution an ant sequence is undergoing local search proce-

dure. The makespan(the objective function) of this upgraded sequence is denoted with

Mcurrent.Later, updated trail intensities are as follows:if job shop a is placed in position

p in the produced sequence;= ρ× τ oldap ,otherwise; where,ρ is set equal to 0.75 if the gen-

erated sequence is surpassing(superior) to the best sequence that has been acquired so

far.

4.5 Proposed ant colony algorithm

The important feature of the PACA is proposed followed by the detailed discussion of

the algorithm.
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1. Initial solution obtain,Σ∗

2. by the following local search procedure, improve the initial solution.

• limited sequence based local search.

• general seed order based search.

• local search on random job shop insertion. The seed sequence is taken as the

final sequence for the PACA. This sequence is called Σ∗.

3. Initialize the parameters and pheromone trail.

4. while(closing condition does not meet) as follows:

• Using principle of the PACA, generate an ant sequence.

• If the ant sequence which is generated is same as a previous ant sequence.

• Using random job shop fitting local search improves the ant solution with the

best solution so far and upgrade the best solution, if necessary.

• upgrade the trail intensities or pheromone trail denoted as τap.

5. By using these following local search procedures, upgrade the best solution ob-

tained so far.

• limited sequence based local search.

• general seed order based local search.

• local search on random job shop insertion.

6. Submit the solution found.we have assumed

Parent 1= Best solution obtained from ACO Parent2 = second best solution ob-

tained from ACO.

7. apply genetic algorithm as a post process.

8. applies mutation and crossover.

9. apply selection operator.

10. submits the best solution found.
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4.5.1 Exploration using genetic algorithm

To explore the results obtained from ACO, following GA steps are followed:

A step by step methodology is used. Initially, the machines based model is designed

by considering the well-known benchmark job-shop problems. Initially, the random

initialization of given set of solutions will be done by considering the concept of job-

shop duplication. Afterward, the GA will come into action to optimize the random

solution by utilizing the mutation and crossover operators. The subsequent section

contains the detail of each technique with suitable procedures and required formulas.

To converge and for finding the better-optimized values, the GA utilizes GA oper-

ators. Initially, a set of random solutions so-called population is developed. Then,

selection operator comes into action by evaluating the objective function for each ran-

dom solution. In this work ms is used as an objective function. Then, selected random

solutions with minimum ms are further improved by applying the crossover and muta-

tion operators. These operators are repeated iteratively, till termination condition not

met. Termination condition depends upon the number of objective function evaluations

(Noe). Once Noe == Maxoe met, GA will automatically return a solution.

Algorithm 1 shows various steps which are required to successfully implement HJD.

Here, Noe is the number of objective function evaluation.

Algorithm 1 : Hybrid job-shop duplication algorithm
1: Initialize the GA.
2: Obtain initial population from ant colony optimization.
3: Now call Algorithm 2, for sub-jobs assignment to high-end machines and compute

respective fitness function i.e. ms.
4: Repeat step 5 and 6 while(Noe ≤Maxoe)
5: New set of optimized solution be obtained from given set of individuals.
6: Call the Algorithm 3 to apply selection and crossover operator.
7: Finally call the Algorithm 4 to apply mutation operator on selected solutions.
8: Return the final optimized schedule.

A. Generating population in hybrid job-shop duplication

Set of chromosome was created with the help of ACO as explain in earlier Section and

a solution were obtained from every chromosome in population set in chromosome

creation operation. Chromosomes list constructed with the help of integer numbers

randomly. The random integer numbers are created by permutation technique. The

encoding procedure of chromosomes having high priority job-shop list to low priority

job-shop list. Here, n genes or jobs or sub-jobs (can be taken as sub-jobs also) executed

or scheduled in a priority list (high order priority to low order priority) or in a sequence.

Topological order is the best for arrangement of sub-jobs or jobs. So, job-shop or subjobs
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are evaluated as these occur having cost matrix with initial population size Psize = 4.

B. Assignment of sub-jobs to machines

In the case of originated population, every individual should have a major priority mech-

anism having permutation process. Therefore, sub-jobs should follow precedence con-

ditions for this process. A sub-job-shop will be allocated to the machine with maximum

speed, if and only if it is not already scheduled. Further, it allocates given sub-jobs to

the machines(s) in such a way that it minimizes the overall ms.

The initial start time (IST ) of the sub-job-shopta on machine pi is symbolized as IST
(ta, pi) which is obtained as follows:

IST (te, pi) = 0 (4.5)

IST (ta, pi) = maxtsεpred(ts) + AST (ts) + (C(ta, ts)) (4.6)

Here, te is job-shop entry. The actual start of sub job-shopta on machine pi is symbolized

as AST (Actual start time) (ta, pi). This is computed as follows:

AST (ta, pi) = max(IST ((ta, pi), avail(pi)) (4.7)

Here, avail(pi) is time that the machine pi has idle and ready for the job-shop execu-

tion. The earliest finish time of sub-job-shopta on machine pi is symbolized as IFT (ta, pi)

which is obtained as follows.

IFT (ta, pi) = CC(ta, pi) + AST (ta, pi) (4.8)

Here, CC(ta, pi) is the computational cost of the sub-job-shopta on machine pi . The

actual finish time AFT is computed as follows.

AFT (ta, pi) = min
1≤l≤P

EFT (ta, pi) (4.9)

Allocation of jobs or sub-jobs to n machines or using the job-shop duplication cri-

teria is a significant achievement in proposed technique and procedure is described in

Algorithm 2.

Here, JDR is the job-shop duplication rate having range 0.04 to 0.07 for experiment

execution and note the final value of job-shop duplication rate on achieving the better

optimized makespan. By doing this procedure there is 50% to 60% chance for duplica-

tion of jobs on the available machines.
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Algorithm 2 : Job-shop allocation
1: Initialize current population values
2: Input the chromosome size value as Psize
3: Evaluate schedule length or makespan ms from a priority queue list of jobs or sub-

jobs allocated PQL
4: While (PQL 6= Null) do
5: First job-shop or subjob-shopfrom PQL is selected
6: For machines pi = 1 to n do
7: Evaluate Ft or (ms) as fitness function using HEFT scheduling process
8: If rand ≤ JDR then
9: Assign ith subjob-shop to all virtual machines

10: Evaluate maximum schedule length or makespan (ms)
11: Else
12: Allocate ith subjob-shop to jth machines
13: evaluate maximum schedule length or makespan (ms)
14: End If
15: Assign jobs or subjobs to virtual machines
16: Evaluate ms = max(schedule length)
17: End For
18: Remove ith subjob-shop or job-shop from PQL
19: End While
20: Return the final value of makespan ms

C. Crossover operation

It is very difficult for offspring creation operation that has the same characteristics as

their parent. For better computation and getting a change in the chromosomes list,

crossover operator is best utilized. To strengthen the heritability of the crossover oper-

ation. According to current research [21], the role of crossover operator in this original

representation was transformed to the permutation in this evolutionary technique that

made the change in population. Crossover rate helped the parents side and child side

diversity for optimal solution. This created four siblings from two sets of parents having

diversity in the solution set. So, optimized solutions obtained in the crossover process

is shown in Figure 4.1. The evaluation and replacement of offsprings with parents are

illustrated in Algorithm 3.
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Figure 4.1: Crossover operation (using random crossover point) [8]

Algorithm 3 : To do crossover operation
1: Input the present population of chromosomes and compute the new population P1

and P2.
2: Take a logical value L=TRUE, Let k = 0, M = Psize × 70

100

3: While (k ≤M) do
4: If (M×30

100
≤ 100) then

5: Create random number range from 0 to Psize and store result into P1
6: Create random number series excluding elite chromosomes range from 0 to
Psize and store result into P2

7: Else
8: Create random number series excluding elite chromosomes from range 0 to

(Psize − 1) and store result into P1 and P2
9: End If

10: Apply crossover operator at crossover rate or crossover point i.
11: Display the two parents chromosomes lists into two sections i.e, left and right
12: Let offspring1= new offspring
13: Create relationship between parent1 and offspring1 (At left side)
14: Transfer the genes (non-available genes of left sections of parent1 ) of parent2

to the offspring1 (At right side)
15: If L==TRUE then
16: If (randomnumber == 0) then
17: P1=offspring1
18: Else
19: P1 = offspring3
20: End If
21: Else
22: If (randnumber == 0) then
23: P1 = offspring2
24: Else
25: P1 = offspring4
26: End If
27: End While
28: Display new population and stop processing

45



D. Mutation operator

There are two types of mutation in GA, naming immigration and allele type. In this

algorithm, immigration mutation is used. For mutation process, a mutation operator is

used to process a diversity in chromosome population with a defined mutation probabil-

ity rate. Here, a particular chromosome is replaced randomly with another chromosome

and evaluate the fitness function makespan ms till a better optimize result arrived. This

process is shown in Figure 4.2. An iterative process of mutation will occur until a better

optimal solution will be obtained. This process is illustrated in Algorithm 4.

          

                                      First Pred w3   First Succ w9 

 

 

1 5 6 2 9 3 4 7 2 8 10 

 

 

1 5 6 2 3 9 4 7 2 8 10 

 

Figure 4.2: Mutation operator [9]

Algorithm 4 : Mutation operation process
1: Inputting the chromosome list of current population
2: A new population generated by applying mutation operator
3: Select the chromosome list randomly and Let G = rand(gene)
4: Select the first successor and Let S = rand(gene) from chromosome list except for
G

5: Offspring= interchanging G with S
6: Evaluate the makespan ms
7: If ms=minimum then
8: Terminate the process
9: Else

10: Go to the first step again (i.e. step 1)
11: End If
12: Print optimal result having makespan ms

E. Termination condition

Since it is not possible to achieve ms as 0, therefore, 100 function evaluations used to

stop each section of the algorithm. The function evaluations mean the total number of

time tried to calculate the ms, so-called fitness function or objective function.
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Chapter 5

Performance analysis

Outline

This Chapter provides the details of experimental set-up and the results of all designed

job-shop scheduling techniques. The comparisons have been drawn between proposed

and well-known existing job-shop scheduling techniques. The mean improvements of

proposed technique over others in percentage have also been evaluated by consider-

ing speedup, efficiency, utilization and mean gain time. Also, the mean reductions of

proposed techniques over others in percentage (%) have also been evaluated by consid-

ering makespan, energy consumption, load imbalance rate and overhead time. Analysis

of variance (ANOVA) based statistical testing has also been done to evaluate the signif-

icance of proposed techniques.

5.1 Experimental set-up

This section illustrates the experimental set-up and quantitative analysis of the pro-

posed job-shop scheduling techniques. The proposed techniques have been tested on

benchmark job-shop parallel problems. Different sizes of jobs and machines have been

considered to evaluate the scalability effect of the proposed techniques. The proposed

techniques have been compared with ACO based job-shop scheduling technique All job

shop scheduling were executed on Intel core i5 machine @ 2.56 GHz with 6 GB RAM.

MATLAB 2016a software is used in combination with parallel processing toolbox.

To successfully simulate the proposed techniques, MATLAB 2016a tool has been used.

Also, to evaluate the effectiveness of the proposed techniques, the comparisons have

also been drawn between the proposed and existing job-shop scheduling techniques.

For efficiently comparing the proposed techniques, with existing job-shop scheduling
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techniques. Job-shop benchmark parallel problems have been considered by taking the

different sizes of jobs i.e., from 10 to 30.

As known in prior, efficient parameters selection provides efficient results. There-

fore, the number of experiments have been performed by changing the values of pa-

rameter required for simulation of the proposed technique.

Table 5.1 depicts various parameters along with their tuned values.

Table 5.1: Simulation parameters

Parameter Value Technique

Population size 100 Genetic algorithm

Number of generations 100 Genetic algorithm

Selection operator Randomization Genetic algorithm

Crossover operator Random one point Genetic algorithm

Crossover rate 0.5 Genetic algorithm

Mutation rate 0.001 Genetic algorithm

Sampling rate 0.05 Genetic algorithm

Ants 5 to 10 Variable neighborhood search

alpha 0.2 Pheromone evaluation factor

beta 0.2 Pheromone evaluation factor

Number of machines 10 to 3 -

Each simulation is run at-least 30 times and min, mean and max values of each

performance measure have been taken for proposed and existing job-shop scheduling

techniques. The goal behind taking these min, mean and max values is to evaluate

the resultant fluctuations that may occur due to random behavior of meta-heuristic

techniques. Lesser variations in these values indicate that the technique(s) perform

consistently well.

Table 5.2 and Figure 5.1 depict the comparison between existing and proposed

technique in terms of average execution time (in seconds). It is found that the pro-

posed technique has lesser average execution time as compared to ACO based job-shop

scheduling technique.
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Table 5.2: Average execution time analysis (in seconds)

Iteration ACO GACO

1 148.7022 122.7687

2 146.2933 107.8089

3 142.9511 118.2000

4 123.5067 107.5067

5 134.8444 116.6578

6 160.1333 135.4933

7 131.8222 108.0933

8 127.4400 112.9778

9 138.8933 123.0178

10 145.1022 112.1244

Figure 5.1: Average execution time analysis

Table 5.3 and Figure 5.6 demonstrate the comparison between existing and pro-

posed technique in terms of makespan time (in seconds). It is found that the proposed

technique has lesser makespan time as compared to ACO based job-shop scheduling

technique.
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Table 5.3: Makespan analysis (in seconds)

Iteration ACO GACO

1 1234 1114

2 1253 981

3 1075 958

4 1086 1016

5 1318 1210

6 1185 970

7 1055 983

8 1176 1110

9 1280 1006

10 1281 1147

Figure 5.2: Makespan analysis of ACO and proposed technique

Reducing the energy consumed by parallel machines need to be minimized. It is

preferable to achieve green computing environment. A job shop scheduling technique

is said to be energy efficient if it consumes lesser energy. Table 5.4 and Figure 5.3 prove

that the proposed technique consumes lesser energy in Joules (nj) than the existing

ACO based job-shop scheduling technique.
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Table 5.4: Energy Consumption analysis (in joules)

Iteration ACO GACO

1 7.2064 5.5411

2 7.0123 6.0730

3 6.1526 5.446

4 6.3667 5.8139

5 7.6740 6.8724

6 6.7173 5.5014

7 6.1316 5.6267

8 6.7874 6.2853

9 7.2965 5.7059

10 7.4060 6.4531

Figure 5.3: Energy consumption analysis in joules

Figure 5.4 and Table 5.5 show the comparison between existing and proposed tech-

nique by considering the average execution time in seconds. It has been observed that

the GACO has significantly lesser average execution time as compared to existing ACO

based job-shop scheduling technique. Also, GACO technique has shown lesser vari-

ability, therefore it performs consistently every time compared to existing scheduling

techniques in terms of average execution time in seconds.
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Table 5.5: Scalability analysis with respect to execution time

Iteration Job shop size Machines ACO GACO

1 15 15 2142 1647

2 20 15 2024 1611

3 20 20 2872 2415

4 30 15 2133 1778

5 30 20 3186 2710

6 50 15 1947 1523

7 50 20 2911 2433

8 100 20 2666 2572

Figure 5.4: Boxplot analysis in terms of average execution time in joules

Figure 5.5 and Table 5.6 demonstrate the comparison between existing and proposed

technique by considering the makespan (ms) time in seconds. It has been observed

that the GACO has significantly lesser ms as compared to existing ACO based job-shop

scheduling technique. Also, GACO technique has shown lesser variability, therefore it

performs consistently every time compared to existing scheduling techniques.
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Table 5.6: Scalability analysis with respect to makespan time

Iteration Job shop size Machines ACO GACO

1 15 15 12.5613 9.5940

2 20 15 11.7616 9.3590

3 20 20 16.8992 14.2121

4 30 15 12.4269 10.3475

5 30 20 18.7059 15.8303

6 50 15 11.3952 8.9311

7 50 20 17.1245 14.4272

8 100 20 15.7444 15.1137

Figure 5.5: Boxplot analysis in terms of makespan time in seconds

Table 5.7 and Figure 5.6 show the comparative analysis of the energy consumption

in joules between existing and the proposed technique. The proposed technique has

lesser variability, therefore it achieves consistent energy consumption in every scale of

jobs and machines. Also, GACO based job-shop scheduling technique has lesser energy

consumption than ACO based job-shop scheduling techniques.
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Table 5.7: Scalability analysis with respect to energy consumption in joules

Iteration Job shop size Machines ACO GACO

1 15 15 266.2222 200.4000

2 20 15 246.3733 194.3333

3 20 20 270.5625 227.6025

4 30 15 259.6578 215.7022

5 30 20 298.0950 249.5150

6 50 15 240.4800 189.2756

7 50 20 274.0250 232.7575

8 100 20 254.0175 241.2825

Figure 5.6: Boxplot analysis in terms of energy consumption in joules

After evaluating the performance of meta-heuristic based job-shop scheduling tech-

niques, it has been concluded that the proposed technique is most suitable for optimiz-

ing the makespan, energy consumption and average execution time, respectively.
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Chapter 6

Conclusion and future work

6.1 Conclusion

The aim of this research work has been to design and develop efficient job-shop schedul-

ing techniques using hybrid meta-heuristic techniques for parallel machines. It has been

addressed by the proposed hybrid Ant colony optimization (ACO) and Genetic algorithm

(GA). As studied, the efficient meta-heuristic based job-shop scheduling techniques are

the important techniques in bringing down the makespan and energy consumption rate

in parallel machines. However, the majority of the existing meta-heuristic techniques

suffer from one of these issues: premature convergence, poor convergence speed, ini-

tially selected random solutions and stuck in local optima.

Therefore, to overcome above-mentioned issues, in this research work hybrid meta-

heuristics based job-shop scheduling technique has been proposed. The proposed job-

shop scheduling technique has integrated ACO with GA. To implement the proposed

techniques, a step by step methodology has been utilized. Initially, a machines based

model is designed by considering the well-known job-shop benchmark problems. MAT-

LAB 2016a tool has been used to successfully simulate the proposed techniques.

To evaluate the effectiveness of the proposed techniques, extensive experiments have

been done in this research work. The proposed technique has been compared with

well-known ACO based job-shop scheduling technique. It has been concluded that the

proposed technique has reduced the average execution time, makespan and energy con-

sumption by 2.41%, 1.79% and 2.18%, respectively than ACO based job-shop scheduling.

By reducing consumed energy, all the proposed techniques, indirectly reduced carbon

emissions and cooling requirements of the machines data centers, leading to a further
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drop in the energy demand and helping in achieving green computing.

The precise contributions of this research work are listed below:

1. An extensive literature survey has been done to study existing meta-heuristic based

job-shop scheduling techniques.

2. A novel hybrid meta-heuristic technique is designed.

3. The proposed technique has been implemented in the MATLAB 2016a software to

successfully simulate the proposed technique.

5. The obtained results have been verified quantitatively by using the average execu-

tion time, makespan time and energy consumption in joules, to evaluate the significant

improvement of the proposed technique over others.

6.2 Future work

The hybrid meta-heuristic based job-shop scheduling technique can be enhanced for fu-

ture research. Some of the research directions are outlined below:

1. It would be exciting to examine the possible integration of the proposed technique

with various other Quality of services (QoS) parameters such as cost, fault tolerance,

and reliability etc.

2. The proposed technique has not addressed the communication overhead issue in

parallel machines. As a part of a future research, these issues will also be considered as

significant challenges in a business-driven parallel machine.

3. Besides, all the proposed technique can be enhanced to support disk-intensive and

network workloads along with the network and the storage resources and can be tested

with an increased data set and more number of machines to achieve an enhanced effi-

ciency.
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