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Abstract

In the era of information technology the application of computer and web
technology help to connect different manufacturers and customers globally on wire.
Internet or web based manufacturing and very recently the concept of cloud
computing and cloud manufacturing has started gaining popularity. The cloud
computing is a concept of providing computing services and data on demand. The
word ‘cloud’ (also phrased as ‘the cloud’) stands for ‘the internet’, but the phrase
‘cloud computing’ means much more than ‘internet based computing’. Several
researchers have applied web technologies for various applications such as
mechanical design, production scheduling, process planning, efc. The application of
web technology in the area of machining optimization and information sharing is the
need of hour. In this work the feasibility of using cloud computing for the
optimization of machining processes is explored.

The optimization of machining process aims to obtain optimum cutting
parameters for economic manufacturing of the product. Researchers have used a
number of traditional and non-traditional optimization techniques for obtaining
optimum parameters in single and multipass machining processes. The results of
conventional offline optimization have many limitations and need to be fine tuned in
the shop floor depending on the rigidity of machine tool, deviation in the properties
of material and a number of random causes. In this thesis, a heuristic based online
optimization methodology suitable for a cloud based system has been developed. It
optimizes the process during production of jobs. The optimization strategy does not
require any a priori machining models viz., tool life and surface roughness
prediction models. The methodology is demonstrated for optimization of common
machining processes using virtual machines that replace actual machining

experiments by simulated results.
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Cloud Computing Based Machining Optimization

A web enabled cloud computing based optimization and database (CCBOD)
system is developed, in which the cloud supports machining database and computing
facilities. The developed CCBOD system employ an online optimization
methodology that suggests cutting conditions for shop floor machine tool operator,
accepts machining feedback, and optimizes the machining process online. The
clients/users that connect to CCBOD via web browsers can avail the facility. The
real machining data provided by different clients are stored in database server. The
MySQL relational database system is used to store information in web server. The
main server keeps the repository of data and carries out optimization. The system
works on private cloud and is available at IIT Guwahati intranet.

For web implementation of the cloud based optimization system hypertext
markup language (HTML), cascading style sheets (CSS), and hypertext pre-
processor (PHP) scripts have been written for clients to interact with the system. The
web enabled feature help for accessing and sharing information among the users.
The system also provides facility for retrieval of optimum cutting parameters using
PHP scripts and MySQL queries. The result can be viewed at client’s screen.
MySQL database system used at server side stores all information in “machining
database” at main server and is managed by the administrator. The user can get the
information by fetching data from the database and user also sends the feedback of
the same through HTML and PHP pages. For easy shop floor implementation of
proposed cloud based online optimization, an interactive based menu driven system
is developed. A number of user interactive screens that accepts machining
informations from the user and displays the cutting conditions or instructions to the
user.

A fuzzy set approach to optimization also has been proposed in this thesis. It
consists of finding the optima with the help of IF-THEN rules. As the procedure is
based on linguistic subdivision of the domain, a range is obtained in which the
objective function value does not change drastically. The methodology is validated
with standard test functions and also applied to machining optimization problem for
optimizing the process parameters both by offline and online procedure. Machining
experiments were carried out to demonstrate online optimization of machining
process using fuzzy set based optimization procedure. It is applied for optimization

X
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Abstract

of finish turning process of cold rolled steel bars using TiN coated carbide tool. The
optimization objective is to minimize the cost satisfying desired surface roughness.
The optimization strategy is expected to be efficient for the problem with a large
number of design variables and suitable for a cloud based system. It also
acknowledges the presence of statistical variation in the process.

An artificial intelligence (AI) based online learning methodology to optimize
cutting parameters also has been proposed. The online learning procedure is
demonstrated through numerical experiments. The results show that prediction
system keeps becoming more and more intelligent by machining a variety of
different jobs. The data sets obtained through simulation results are stored and
effectively used for training a neural network of artificial intelligence (AI) system.

The application of these techniques in a web based cloud computing
environment will be highly beneficial to manufacturing industries in the area of
machining and optimization. It is envisaged that the information technology and soft
computing based optimization techniques will dominate manufacturing process

optimization in future.
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Vopt Optimum cutting speed

VR Cutting speed for roughing passes

Vmin Vmax  Minimum and maximum cutting speed

w Inertia weight

z Number of tooth

Greek letters

b Contraction coefficient
DE Difference in energy level
€ Termination parameter

n Expansion co-efficient

H Population mean

o Standard deviation
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Acronyms

ACC Adaptive control constraints
ACO Adaptive control optimization
AE Acoustic emission

Al Artificial intelligence

AMD Advanced micro devices
ANFIS Adaptive neuro-fuzzy inference system
ANN Artificial neural network

ART Adaptive resonance theory
BGA Binary coded genetic algorithm
BHN Brinell Hardness

BP Back propagation

CBN Carbon boron nitride

CCBOD Cloud computing based optimization and database

CLA Center line average

CNC Computer numeric control

CSS Cascading style sheets

DaaS Data storage as a service, design as a service
DFD Data flow diagram

EaaS Experimentation as a service

FAN Fuzzy adaptive neural networks
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FBFNs
FBNN
FNN
GA

GP
GSA
GUI
HRC
HSS
HTML
[aaS

IP

IT

MB
MBPNND
MFGaaS
MLP
MRR
MySQL
NC

NN
PaaS
PHP
PSO

XXX
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Fuzzy basis function neural networks
Fuzzy basis function network
Fuzzy neural network

Genetic algorithm

Geometric programming
Genetic simulated annealing
Graphical user interface
Rockwell Hardness

High speed steel

Hypertext mark up language
Infrastructure as a service
Internet protocol

Information technology

Mega byte

Modified back propagation neural network with delta bar delta
Manufacturing as a service
Multi-layer perceptron
Material removal rate

My structured query language
Numeric control

Neural network

Platform as a service
Hypertext pre-processor

Particle swarm optimization



Acronyms

QFD Quality function deployment
RAM Random access memory

RBF Radial basis function

RBFN Radial basis function neural network
RGA Real coded genetic algorithm
RMS Root mean square

SA Simulated annealing

SaaS Software as a service

SOM Self-organizing map

SQP Sequential quadratic programming
SVMs Support vector machining

TCMS Tool condition monitoring system
URL Uniform resource location

XXXi

TH-1234_07610308



Chapter 1

Introduction

This is the era of information technology. Computers, information technology, and
web applications have been found in every domain of society and manufacturing
industries are no exception. The application of computer and web technology
connects different manufacturers and customers globally on wire. The information
distributed at different locations can be accessed and shared by users anywhere in
the world using web tools such as web browsers (Yang and Xue, 2003). Cloud
computing is a recent concept that has evolved from the web based technologies,
which provides on-demand computing services and data. Several researchers have
applied web technologies for various applications such as mechanical design,
production scheduling, process planning, efc. The application of web technology in
the area of machining optimization and information sharing is the need of hour.

Machining optimization uses a number of traditional and non-traditional
optimization techniques for obtaining optimum process parameters. Due to high
complexity involved in machining, the development of predictive modelling is a
challenging task, but it is necessary for proper optimization of the process. Most of
the researchers employ empirical relations or experimental based predictive
modelling for evaluation the parameters viz., surface roughness, tool life, cutting
force, efc. in the optimization process. The optimum process parameters obtained by
this offline technique deviate from real optimal parameters.

In view of its importance, the present thesis proposes online machining
optimization based on cloud computing. A generalised heuristic based online
optimization technique, the implementation of online optimization among different

clients using cloud computing feature, an application of fuzzy set theory as an
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optimization tool, the experimental validation of fuzzy set based online machining
optimization, an artificial intelligence (AI) based online learning procedure for
obtaining optimum machining parameters are reported in this thesis. The keywords
of this thesis are online machining optimization, cloud computing, fuzzy set based
optimization, and online learning. These are briefly introduced in Sections 1.1-1.4.

Organization of the thesis is presented in the last section of this chapter.

1.1 Machining Optimization

Process modelling and parameter optimization are two important issues in
manufacturing. The modelling of machining process establishes the relationship
between process parameters (i.e., cutting velocity, tool/cutter feed rate, depth of cut,
etc.) and output responses such as job surface roughness, cutting force, cutting
temperature, tool flank wear, efc. The process optimization obtains optimum cutting
parameters aiming economy in machining process. Optimization of machining
process is performed in two ways— (i) offline optimization procedure and (ii) online
optimization procedure.

For optimizing the process the problem is formulated for the desired
objective(s) subjected to set of constraints. The general form of a single-objective
optimization problem is

Minimize f (x), (1.1)

subject to a list of constraints.

where x is a vector containing the process variables. The maximization of a
function is equivalent to the minimization of the negative of the function. The
problem is solved for obtaining optimum process parameters and it is implemented
during machining process. For modelling and optimization of machining processes,
many researchers have opted traditional optimization techniques considering
practical constraints. Due to complexity and uncertainty of the machining processes,
soft computing techniques are being preferred to physics-based models for
predicting the performance of the machining processes and optimizing them
(Aggarwal and Singh, 2005; Mukherjee and Ray, 2006). Major soft computing tools

applied for this purpose are neural networks, fuzzy sets, genetic algorithms,
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simulated annealing, ant colony optimization and particle swarm optimization. All
these techniques solve the problems offline employing conventional predictive
models and optimum parameters are obtained. Since the performance of machining
process changes with time and other factors, the results of offline optimization need
to be fine tuned online during implementation.

In online optimization the process parameters are optimized during production
of jobs by suitably selecting the cutting conditions. Optimization with online
monitoring of machining process have been developed that uses adaptive control
strategy such as adaptive control optimization (ACO) and adaptive control
constraints (ACC). It provides the capability to adjust operating parameters online,
based on measurement of appropriate process characteristics form real machining
environment. The procedure requires costly process-sensors and acceptable
interfacing circuitry in its application. Therefore, there is a need for economic online
optimization method which can cope up with real time machining environment and
can be directly implemented in the shop floor.

The research papers found in the area of machining optimization focus mainly
on effectiveness of the techniques in term of ‘accuracy of the result’ and
‘computational time’ required for optimization. There is hardly any paper that
details out its application in shop floor. The present work focuses on development of
online optimization of machining process which can be directly implemented during

production of components and a priori machining models are not required.

1.2 Cloud Computing Based Optimization

The process optimization and information sharing using web technologies is a new
concept. Cloud manufacturing aims to share manufacturing resources to make
‘manufacturing as service’ environment. Similarly, the cloud computing provides
computing services and sharing of information among the different
users/manufacturer. The National Institute of Standards and Technology defines
cloud computing as “a model for enabling ubiquitous, convenient, on-demand
network access to a shared pool of configurable computing resources (e.g.,
networks, servers, storage, applications, and services) that can be rapidly

provisioned and released with minimal management efforts or service provider
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interactions.” The cloud infrastructure can be owned by a private organization, a
group of organizations, or the public. In this work the feasibility of using cloud
computing for the optimization of machining processes is explored. Figure 1.1
shows the concept of cloud computing system for optimization of machining process

and information sharing.

CLOUD
COMPUTING
SERVICE

S ¥\D

¥
&
) [=——
g
} § Manufacturing
Internet client 3

| |

[=——] [=——]
Manufacturing Manufacturing
client 1 client 2

Figure 1.1. Concept of cloud computing based optimization

The system consists of the web server, a machining optimization scheme for the use
of various manufacturing clients, exchange of machining informations via internet,
cloud computing services, efc. The main server receives machining information
from various clients, keeps the repository of data and carries out optimization. The
optimized process parameters are provided to various clients on demand. The clients
can use the optimized data, fine-tune them if necessary and send the feedback to the
server. The informations are processed using probability based approach at the

server side.

1.3 Fuzzy Set Based Optimization
In 1965, Lotfi Zadeh put forward the idea of fuzzy sets (Zadeh, 1965). The fuzzy set
theory is a tool for “computing with language”. The technique is found quite

effective in converting subjective knowledge/opinion of the skilled operator into a
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mathematical framework (Zadeh, 1973). Many linguistic terms can be converted
into a fuzzy set. For example, the “low feed” can be represented by a fuzzy set in
which the feed values more than an upper threshold value can be assigned a
membership grade 1 and those lower than a lower threshold value can be assigned a
membership grade 0. Between lower and upper threshold, the feed values can have a
gradual variation of membership grades from O to 1. Once the linguistic variables
have been converted into fuzzy sets, set theoretic operations on them can be carried
out.

In the literature, predominantly the fuzzy set theory has been used in three
ways. In the first type of applications, fuzzy set theoretic operations help to arrive at
certain decision. For example, if we know the membership grades of certain
solutions in two conflicting objectives, then the optimum solution can be chosen as
the one providing the highest membership grade in the intersection set of two
objectives. The second type of application makes use of fuzzy arithmetic, which
deals with fuzzy numbers. A fuzzy number is a generalization of an interval number,
in which various intervals may have different membership grades. For example, the
most likely estimate of friction may be assigned a membership grade 1 and the lower
and upper estimate may be assigned a membership grade 0.5. With these three
points, a triangle can be constructed to represent friction as a fuzzy number. Fuzzy
arithmetic computations are useful when the input parameter values, for example
friction and material properties, are not known precisely. In the third type of
application, fuzzy logic is used for making inferences based on the input values. The
fuzzy set-based prediction system takes input data and carries out “fuzzification”. In
the fuzzification process, the input data undergo some translation in the form of
linguistic terms such as “low feed”, “average cutting speed”, “high depth of cut”,
“very high cutting force”, etc. The translated data are sent to an inference engine,
which applies a set of predefined IF-THEN rules. The output of inference system in
linguistic form will go through defuzzification process, which converts it to
numerical data.

Large number of publication is found in modelling and control applications of
fuzzy sets. In the area of optimization, researchers used the fuzzy set theory that can

deal with the situations of fuzziness in the objective function and/or constraints. For
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solution of the problem, traditional linear/non-linear programming methods or soft
computing based methods like genetic algorithm are employed. However, the
researchers have not used the fuzzy set theory as an optimization tool. In the present
work, the potential of fuzzy set theory is demonstrated as a general optimization tool

and applied for machining optimization problems.

1.4 Online Learning

The modern automated manufacturing relies on computer based learning schemes
that are able to learn the complex machining process. In machining process, the
prediction of surface roughness, cutting force, and tool life is a challenging task, but
is necessary for proper optimization of the process. For obtaining the knowledge of
tool life as a function of cutting parameters a number of tool life tests is to be
conducted. It is not economical to conduct tool life test for different work piece—tool
combinations. In recent years researchers have used soft computing based modelling
techniques viz., neural network, fuzzy logic and combination of both (neuro-fuzzy)
for developing predictive models. Soft computing techniques are tolerant of
imprecision, uncertainty and partial truth. However, for model development, it
requires a number of data for training. The experimentation consumes a lot of time
and may not be sufficient for online optimization.

The present thesis focuses the development of online learning methodology for
optimizing the machining process. The proposed scheme consists of three modules
viz., Al module, virtual simulation module (that will be replaced by actual machine
in the real shop floor) and an optimization module. The developed online learning
algorithm keeps on becoming more and more intelligent by machining variety of
different jobs. The data sets obtained through online machining are stored and
effectively used for training neural network (NN) based artificial intelligence (Al)
system. A well-trained network could predict better guess and takes less time for
prediction. The cutting parameters required for producing maximum allowable
surface finish at minimum cost is obtained. With the help of numerical experiments,

the effectiveness of proposed methodology is demonstrated.
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1.5 Highlights of the Thesis

The primary objective of the present thesis work is to develop an online
optimization methodology based on cloud computing. A heuristic based online
optimization methodology has been developed first. The methodology is applied for
optimization of finish turning and end milling process. The optimization model does
not use a priori machining models. Experimental validation of the methodology has
been performed. A number of numerical problems is solved using semi virtual
machine designed for the purpose. For easy implementation of the proposed
optimization procedure in the shop floor, a user friendly interactive machining
system has been developed. It helps to suggest cutting conditions for shop floor
machine tool operator, accepts feedback, and optimizes the machining process
during the production of components. Source code is written in MATLAB® with
graphical user interface (GUI) facilitate the user to interact with the system easier.

A web system called ‘Cloud Computing Based Optimization and Database
(CCBOD)’ has been developed, in which the cloud supports machining database and
computing facilities for optimization of machining process. For web implementation
of the system HTML, CSS, and PHP scripts have been written for clients/users to
interact with the system. The web-enabled feature helps the users to get connected
with the system via web browsers.

A new optimization tool based on fuzzy set theory has been attempted in this
thesis. The methodology obtains the optimum using IF-THEN rule base. The
methodology is effective for the problem where an approximate solution is required.
In this thesis the procedure is applied for machining optimization. It employs a fuzzy
set based optimization methodology applied for optimization of machining
processes. The methodology has been validated using standard test function as well
as optimization problems in offline and online modes. It also acknowledges the
presence of statistical variation in the process. The online optimization methodology
has been demonstrated experimentally by conducting machining experiments for
optimizing finish turning process. A methodology for optimization with online
learning has been also proposed. The online learning procedure is demonstrated

through simulations.
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1.6 Organization of the Thesis

The thesis is organized as follows:

8
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The first chapter introduces the problem and the highlights of the thesis
are described.

Chapter 2 presents a review of literature on modelling and optimization of
conventional machining processes, web based machining and cloud
computing. The challenging issues, scope and detailed objectives of the
thesis have been described.

Chapter 3 first discusses the basic frame work of the cloud computing
system for optimization of machining process. Next, the different
components of proposed cloud computing based optimization and
database (CCBOD) and its development are presented. The system
information flow, obtaining optimum process parameters from cloud,
online fine tuning and sending back the information is discussed. Finally
the web implementation of the system with hypertext mark up language
(HTML), cascading style sheets (CSS), and hypertext pre-processor (PHP)
scripts to enable the clients/users interact with the system has been
discussed.

In Chapter 4, the heuristic based online optimization for cloud computing
system is discussed. The design of virtual machine to simulate the
experiments is presented. The proposed online optimization is applied for
optimization of both finish and multipass machining processes. Simplex
search is used as optimization tool.

In order to make the optimization procedure more efficient a new
optimization tool based on fuzzy set theory is presented in Chapter 5. The
methodology is demonstrated with standard test functions. It is also
applied to offline and online machining optimization problems. The
experimental demonstration of online optimization using fuzzy set based
optimization is presented. Advantages and limitations of the online

optimization method are highlighted.
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Chapter 6 presents the development of menu driven-interactive online
optimization. The method for obtaining optimum parameters based on
probabilistic approach has been discussed.

In Chapter 7, the application of soft computing for online learning in a
cloud computing based machining optimization system is presented. The
various components of the system viz., Al module, virtual simulation
module, and optimization module are described with online learning
procedure. A number of illustrative examples are presented to demonstrate
the methodology.

Conclusions and scope for future work are presented in Chapter 8§,

followed by references and appendices.



Chapter 2

Literature Review and Detailed Objectives

2.1 Introduction

Machining, forming, casting and joining are the four basic manufacturing processes.
Machining is the most popular among all these processes. It is the process of
shaping and sizing the raw material by removing the excess material in the form of
chips. Optimization of machining process is widely researched in the field of
manufacturing. Selection of right combination of cutting parameters (i.e., cutting
speed, feed and depth of cut) to satisfy one or more economic objectives such as
maximization of production rate, minimization of cost, maximization of surface
finish, efc. is important for metal cutting industries.

Machining optimization started around 60 years back with the pioneering work
of Gilbert (1950). It has attracted the attention of a number of researchers in view of
its significant contribution to the overall cost of the product (Merchant, 1998). From
the era of conventional machine tools to the present era of CNC machine tools, the
prediction of cutting behavior of processes and optimization of machining
parameters have been hot areas of research. In a review of metal cutting analyses in
1956, Finnie (1956) pointed out—"“Despite the large number of attempts, past and
present, to analyze metal cutting, a basic relationship between the various variables
is still lacking.” This remark is valid till today, even after about a half century.
Nevertheless, the efforts to model machining process are still going on, as the proper
understanding of the machining process has a large bearing on the economics of
machining. With the advent of capital intensive CNC machine tools, this need has
strengthened.

A number of researchers have presented various traditional and non traditional

methods for optimizing the process parameters in single and multi pass machining
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processes (Aggarwal and Singh, 2005; Mukherjee and Ray, 2006). The traditional
methods of optimization such as graphical techniques, constrained optimization
strategy, dynamic programming, branch and bound algorithm, efc. are found to be
ineffective since they either result in local minima, or take long time to converge on
a reasonable result. In recent past, the researchers have used soft computing
techniques as they are being preferred to physics-based models. Major soft
computing tools applied for this purpose are neural network (NN), fuzzy sets,
genetic algorithm (GA), simulated annealing (SA), ant colony optimization (ACO)
and particle swarm optimization (PSO). The application of these tools in modelling
and optimization of machining processes is reviewed here.

Apart from machining optimization, the application of computer and
information technology plays an important role in manufacturing industries. Starting
from the late 1990s, web- based manufacturing is steadily gaining popularity. The
computer system and information technology (IT) are commonly used for data
processing, storage and information access through internet. With the help of World
Wide Web, information distributed at different locations can be accessed and shared
by users anywhere in the world using web tools such as web browsers (Yang and
Xue, 2003). The web technology connects different manufacturer and customers
globally on wire. Several researchers have applied web technologies for various
applications such as mechanical design, quality modelling, production scheduling,
process planning, efc. The application of web technologies in the area of machining
optimization and information sharing has now brought the attention of researchers.

This chapter presents a review of available literature in the area of machining
performance prediction and optimization of different machining process. The
application of web technologies in manufacturing is also presented. Section 2.2
presents an overview of modern soft computing tools used in modelling and
optimization of machining processes. The literature related to the application of soft
computing tools for modelling and optimization of different machining processes
viz., turning, milling, grinding and drilling is presented in Section 2.3. The review of
literatures on web based machining and cloud computing in manufacturing is
presented in Section 2.4. The challenging issues are discussed in Section 2.5. The

detailed scope and objectives of the present work is presented in Section 2.6
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2.2 An Overview of Soft Computing Techniques

Soft computing is an approach to computing which parallels the remarkable ability
of the human mind to reason and learn in an environment of uncertainty and
imprecision. In an attempt to find out reasonably useful solutions, soft computing
methods (Dixit and Dixit, 2008; Deb and Dixit, 2008) acknowledge the presence of
imprecision and uncertainty present in machining. Soft computing techniques such
as fuzzy sets, NN, GA, SA, ACO and PSO have received a lot of attention of
researchers due to their potentials to deal with highly non-linear, multi dimensional
and ill-behaved complex engineering problems. A brief overview of various soft

computing techniques is presented here.

2.2.1 Fuzzy Set Theory

The idea of fuzzy sets is first proposed by Lotfi Zadeh (Zadeh, 1965). It was briefly
described in Section 1.3 of Chapter 1. There are a plethora of application of fuzzy
sets in the area of modelling and some in the area of optimization. Fuzzy logic
modelling is performed in four basic steps: fuzzification of the input variables, rule
evaluation, aggregation of the rule outputs and finally defuzzification (Dixit and
Dixit, 2008). Mamdani and Sugeno type fuzzy inference process are commonly used
by the researchers. The Sugeno-type models are computationally more efficient
compared to Mamdani-type models, but rules of Mamdani type models provide
better physical feel. Number of research papers have found in the area of modelling

of machining processes.

2.2.2 Neural Networks

Neural networks are systems that can acquire, store and utilize knowledge gained
from experience. An artificial neural network (ANN) is capable of learning from an
experimental data set to describe the non-linear and interaction effects with great
success. It consists of an input layer used to present data to the network, output layer
to produce ANN'’s response and one or more hidden layers in between. The input
and output layers are exposed to the environment and hidden layers do not have any
contact with the environment. ANNs are characterized by their topology, weight

vectors and activation function that are used in hidden and output layers of the
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network. A neural network is trained with a number of data and tested with other set
of data to arrive at an optimum topology and weights. Once trained, the neural
networks can be used for prediction.

A multi layer perceptron (MLP) is a feed forward neural network with one or
more hidden layers. A feed forward neural network has sequence of layers
consisting of a number of neurons in each layer. The output of one layer becomes
input to neurons in the succeeding layer. The radial basis function (RBF) neural
network consists of three layers: an input layer, a single hidden layer with non-linear
processing neurons and an output layer. During training process, the network adjusts
its weights to minimize the errors the error between the predicted and desired
outputs. Back propagation algorithm is most common algorithm for adjusting the
weights. A brief background of neural networks is provided in (Dixit and Dixit,

2008).

2.2.3 Genetic Algorithm

Genetic algorithm (GA) mimics the process of natural evolution by incorporating
the “survival of the fittest” philosophy (Goldberg, 1989). In GA, a point in search
space is represented by binary or decimal numbers, known as string or chromosome.
Each chromosome is assigned a fitness value that indicates how closely it satisfies
the desired objective. A set of chromosomes is called population. A population is
operated by three fundamental operations viz., reproduction (to replace the
population with large number of good strings having high fitness values), crossover
(for producing new chromosomes by combining the various pairs of chromosomes
in the population) and mutation (for slight random modification of chromosomes). A
sequence of these operations constitute one generation. The process repeats till the
system converges to the required accuracy after many generations. The genetic
algorithms have been found very powerful in finding out the global minima.
Further, these algorithms do not require the derivatives of the objectives and

constraints functions.
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2.2.4 Simulated Annealing

Simulated annealing (SA) mimics the cooling process of metal during annealing to
achieve the minimization of function values. The algorithm begins with an initial
point, x; and a large number corresponding to a high temperature 7. A second point
x; is created near the first point using a Gaussian distribution with first point as a
mean. The difference in the function values at these points is considered analogues
to the difference in energy level (AE). For a minimization process, if the second
point has smaller function value, then it replaces the first point; otherwise it replaces
the first point with a probability exp(-AE/T) (Deb, 1995). The algorithm is
terminated when a sufficiently small temperature is obtained or no significant

improvement in the function value is observed.

2.2.5 Ant Colony Optimization

The ACO algorithm is a kind of natural algorithm inspired by foraging behavior of
real ants. Researchers are fascinated by seeing the ability of near-blind ants in
establishing the shortest route from their nest to the food source and back. These
ants secrete a substance, called pheromone and use its trails as medium of
communicating information (Dorigo, 1996). The probability of the trail being
followed by other ants is enhanced by further deposition of pheromone by other ants
moving on that path. This co-operative behavior of ants inspired the new
computational paradigm for optimizing real life systems, which is suited for solving
large scale problems (Socha and Dorigo, 2008).

There are different variants of ant colony optimization algorithm. In essence,
these algorithms carry out three operations: (1) ant based solution construction, (2)
pheromone update and (3) daemon actions. In ant based solution construction,
solutions representing artificial ants are constructed. Solutions are chosen
probabilistically based on pheromone level. Thus, this operation forces the algorithm
to search in the area of better solutions. The aim of pheromone update is to increase
the pheromone values associated with good or promising solutions and decrease
those that are associated with bad ones. Usually this is achieved by increasing the

pheromone levels associated with chosen good solutions and by decreasing the
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pheromone values through pheromone evaporation, which basically reduces the
pheromone level. Daemon actions are used to implement centralized actions which
cannot be performed by a single ant. For example, the global information can be
collected to decide whether it is useful or not to deposit additional pheromone.
Initially, the ant colony optimization was used for combinatorial problems.
Nowadays, it is also being used for solving continuous optimization problems. The
positive feedback accounts for rapid discovery of good solutions. The distributed

computation prevents premature convergence of the problem.

2.2.6 Particle Swarm Optimization

Particle swarm optimization is a population based stochastic optimization technique
developed by Kennedy and Eberhart in 1995 and is inspired by the social behavior
of bird flocking or fish schooling (Kennedy and Eberhart, 1995). In PSO each
solution in search space is analogous to a bird and generally called ‘particle’. The
system is initialized with population of random particles (called swarm) and search
for the optimum continues by updating generations. The fitness value of each
particle is evaluated by objective function to be optimized. Each particle remembers
the coordinates of the best solution (p) achieved so far. The coordinates of current
global best (pg) are also stored. The coordinates of the particle are updated according

to the following relations:

k+l Kk k+1
X, =X +tv, , (2.1)

1

and

K+l _ k ko k k k
Ve = Z{ind 0l (Dig = %) F Colgs (Pyg = Xy )} ) (2.2)

where x is particle coordinate, v is particle velocity, yis a constriction factor, i

denotes the particle or solution, g denotes global, d denotes dimension (varying from
1 to number of decision variables), k is the iteration number, w is the inertia weight,
¢ is a cognitive parameter, ¢; is a social parameter and r stands for random number
between 0 and 1.

PSO is simple to implement and needs less parameters to adjust. It converges

with less number of iterations. In many cases, it has been reported to be more
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efficient than GA. Unlike in GA and other evolutionary programming methods PSO

does not employ selection operation.

2.3 Soft Computing Based Modelling and Optimization of

Machining Processes
Machining processes are complex, nonlinear, multivariate in nature. Modelling of
machining process establishes the relationship between process parameters such as
cutting speed, feed, depth of cut, efc. and performance measures such as surface
roughness, dimensional deviation, cutting force, tool wear, cutting temperature, efc.
The process optimization is for obtaining optimum cutting parameters aiming an
economy of the machining process. The prediction of performance measure is a
challenging task but it is necessary for proper optimization of the process. Soft
computing techniques are more preferred to physics-based models for predicting the
performance of the machining processes and for optimizing them (Dixit and Dixit,
2008; Deb and Dixit, 2008; Zarei et al., 2009; Wang et al., 2005; Zang et al., 20006).
Figures 2.1 (a) and 2.1(b) schematically depict the application of soft computing
techniques for these tasks.

In this thesis the review the literatures on major machining processes viz.,
turning, milling, grinding and drilling is presented so as to have complete picture in

the area of machining performance prediction and optimization.
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Figure 2.1. Two applications of soft computing in machining

2.3.1 Turning Process

In cylindrical turning processes, a single point cutting tool moves along the axis of a
rotating work piece. The peripheral speed of the work piece called cutting speed,
movement of the tool along the axis of job for one revolution of job called feed and
radial depth of cut of the tool are the process parameters. These parameters may be
optimized for obtaining the minimum cost of machining and minimum production
time. However, for optimization, performance of the process is to be predicted. The
previous research work related to optimization of turning process as well as various
performance measures such as surface finish, dimensional deviation, tool life, tool
wear and cutting force has been reviewed in the following sub-sections.
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2.3.1.1 Surface finish and dimensional deviation

Two main attributes of quality of turned job are surface finish and dimensional
deviation. Surface finish is defined as the degree of smoothness of a part's surface
after it has been manufactured. Surface finish is the result of the surface roughness,
waviness and flaws remaining on the part. Dimensional deviation is defined as the
radial difference between the set depth of cut and the obtained depth of cut.
Researchers studied the effect of number of factors such as feed rate, cutting speed,
depth of cut, work material characteristics, unstable built up edge, tool nose radius,
tool angles, stability of material, tool and work piece set-up, use of cutting fluids,
radial vibration, tool material etc. on surface finish. For modelling of machining
processes, researchers used four main methods viz, multiple-regression,
mathematical modelling based on physics of process, fuzzy set theory and neural
network. The review in this paper will focus on last two techniques.

An early work for the prediction of machining performance using neural
networks is by Rangawala and Dornfeld (1989). The authors utilized a feed forward
network model to predict the cutting performance in turning process. The network is
trained using a number of patterns of input variables viz., cutting speed, feed rate
and depth of cut and the output variables viz., cutting force, power, temperature and
surface finish. Rangawala and Dornfeld (1989) and many later researchers used
MLP neural network for machining performance prediction. An MLP neural
network consists of input layer, output layer and one or more hidden layers. Each
layer consists of a number of neurons. Neurons in the hidden and output layers get
input from the neurons of the preceding layers. Neurons in the input and hidden
layers emit the output to be received by the neurons of the succeeding layer.

Azouzi and Guillot (1997) proposed neural network model to predict surface
finish and dimensional deviation of the job based on the feedback from various
sensors. They developed several network models to find out the influence of
feedbacks from a number of sensors. The author observed that feed, depth of cut,
radial force and feed force provide the best combination to build a model for on-line

prediction of surface roughness and dimensional deviation.

19
TH-1234_07610308



Cloud Computing Based machining Optimization

Several researchers have compared the effectiveness of the neural network
model with statistical regression models. Chryssolouris and Guillot (1990) observed
the superiority of neural network model compared to regression model. On the other
hand, Feng and Wang (2003) found multiple regression analysis and neural
networks equally effective in predicting surface roughness for a finish turning
process.

Risbood et al. (2003) predicted the surface roughness for the dry and wet
turning of mild steels using carbide and high-speed steel tools. For each tool-job
combination and cutting condition (dry or wet) different networks were used. The
acceleration of radial vibration was taken as an input for on line prediction of
surface roughness. The authors also developed a neural network model for
predicting the dimensional deviation of the job. For this purpose, the radial cutting
force, the radial acceleration of vibration, cutting speed, feed, depth of cut, length to
diameter ratio of the job and position of the tool was taken as input parameter. Pal
and Chakraborty (2005) predicted surface roughness by taking main cutting force,
feed force, cutting speed, feed and depth of cut as input parameters of the network.
Ozel and Karpat (2005) predicted surface roughness by developing two different
network models. One model was offline with process parameters, tool and job
information as input, whilst the other was an online model with cutting forces as an
additional input. It was observed that the model with cutting forces as additional
input yielded better results.

The major limitation to the use of neural networks is that it requires a large set
of experimental data. Considering this limitation, Kohli and Dixit (2005) proposed
an MLP neural network based methodology to predict surface roughness in turning
process that uses small sized training and testing data sets. Their model predicts
lower, most likely and upper estimate of the surface roughness for a cutting
condition based on the algorithm developed by Ishbuchi and Tanaka (1991).

The above-mentioned researchers have essentially employed MLP neural
networks and differ in terms of the network-training methodology and input
parameters. Of late, there have been some applications of radial basis function
(RBF) neural network as a substitute for MLP neural networks. Compared to MLP

neural networks, RBF neural networks can be trained faster although requiring more
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training data. Sonar et al. (2006) studied the performance of radial basis function
network (RBF) for predicting lower, most likely and upper estimates of surface
roughness in turning process. They observed the performance of RBF neural
network slightly inferior to MLP neural networks. Basak ef al. (2007) used RBF
models to predict surface roughness in finish hard turning process of AISI D2 cold
rolled steel with mixed ceramic tools. For better modelling of an RBF network,
assistance of multiple-linear regression was taken. Authors observed that in RBF
neural network training, the spread parameter, which is essentially the zone of
influence of a neuron, plays a significant role. Authors have proposed a strategy for
the optimal selection of this parameter. Sarma and Dixit (2007) employed the MLP
and RBF sequentially for predicting surface roughness of cast iron work piece with a
ceramic tool. First, an MLP network was trained with limited training data.
Afterwards, the trained MLP network was used to generate a large training data set
for the RBF network. The experimental data set were used for testing of the RBF
network. Considering that data may be noisy, authors have proposed a strategy to
slightly perturb the data for better prediction.

Apart from neural networks, fuzzy set theory has been used for turning
performance prediction in general and surface roughness in particular. A fuzzy
based methodology has been proposed by Fang and Jawahir (1994) to assess total
machining performance encompassing surface finish, tool-wear rate, dimensional
accuracy, cutting power and chip breakability. The authors quantified the effect of
major influencing factors on total machining performance by fuzzy-set method and
developed a series of fuzzy-set models to give quantitative assessments for the given
set of input conditions.

Abburi and Dixit (2006) developed a knowledge base system with the help of
neural network and fuzzy set theory to predict surface roughness in turning process.
The neural network is trained with experimental data. The trained network generates
a huge data set that is fed to a fuzzy set based rule generation module. A large
number of IF-THEN rules are generated that are reduced by using Boolean
operations. This rule base module is used for predicting surface roughness for given

process variables as well as for the inverse prediction of process variables for a
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given surface roughness. The performance of the developed knowledge based
system was found satisfactory based on the validation with shop floor data.

A number of authors have used the combination of two or more soft computing
tools as an effective strategy for the prediction of surface roughness. Jiao et al
(2005) used a neuro-fuzzy approach for the prediction of dimensional deviation. The
developed fuzzy adaptive neural networks (FAN) are capable of providing both
learning ability of a neural network and tolerance of imprecision, uncertainty and
vagueness in the machining process. First, an approximate model representing the
influence of machining parameters on dimensional deviation is established. This
model is then improved by learning with the given training data. The authors
showed the superiority of their model over a classical regression model. Nandi and
Pratihar (2004) employed a fuzzy basis function network (FBNN) for predicting the
surface roughness in ultra-precision turning. The parameters of the network were

optimized with a genetic algorithm code.

2.3.1.2 Tool life and tool wear

Tool life and tool wear play a major role in the economic aspects of metal cutting
operations. Most of the time, tool life is considered as a time lapse between two
successive regrinds of tool when operating under specified cutting conditions. In an
early work on tool wear estimation using neural networks, Ezugwu et al. (1995)
predicted tool life and failure mode in machining of grey cast iron with ceramic
cutting tools. The tool failure based on average and maximum flank wear, crater
depth, notch depth, surface roughness and catastrophic failure of the tool have been
considered. The experimental data have been used to train the MLP neural network
using back propagation algorithm. However, the authors had limitation of having
just 25 data. With these data, they could predict the correct tool life (within 20%) in
58.3% cases and tool failure mode in 87.5% cases. Dutta et al. (2000) studied the
application of neural network with different learning schemes for faster processing
of data which is a major criterion in on-line tool condition monitoring. Speed, feed,
depth of cut and three components of cutting forces were inputs of the neural

networks and flank wear was output of the network. The authors found that the
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modified back propagation algorithm converge faster than standard back
propagation algorithm.

Tool life in hot machining of high magnesium steel has been modeled by
Tosun and Ozler (2002) using an MLP neural network. The turning was carried out
at four temperatures— room temperature, 200 °C, 400 °C and 600 °C. The neural
network model predicted the tool life with better accuracy as compared to a
regression model.

Ojha and Dixit (2005) proposed an economic and quicker method of tool life
estimation and predicted low, most likely and higher estimates of tool life using
neural networks. In their approach the tool life is estimated by fitting a best-fit line
for the data falling in steady wear zone and finding the time till tool fails by
extrapolation. For predicting the lower and upper estimates of the tool life, they used
the backpropagation algorithm of Ishbuchi and Tanaka (1991), as was earlier done
by Kohli and Dixit (2005). The neural network model was found superior to the
multiple regressions model. Quiza et al (2008) carried out an experimental
investigation on tool wear prediction on ceramic cutting tools used for turning
hardened cold rolled tool steel. They predicted tool wear with the help of neural
network and regression models. The neural network model was found superior to the
regression model.

Soft computing optimization techniques viz., genetic algorithm, particle swarm
optimization and simulated annealing were used for optimizing neural network
model parameters. For tool life estimation, Natarajan et al. (2006) employed a
neural network model that was optimized by particle swarm optimization (PSO).
The use of PSO resulted in reduction of training time by 50%.

Tool wear monitoring has been other widely investigated research topic. Tool
wear monitoring is of two types: direct and indirect. Direct methods measure the
actual values of size of wear parameters with optical instruments, whilst indirect
methods measure parameters such as cutting forces or vibrations that are correlated
with tool wear. A number of tool wear monitoring schemes have been proposed that
employ vibrations, ultrasonic, torque, power, velocity and temperature sensors and
sensor fusion. Sick (2002) has reviewed a number of research papers dealing with

on-line and indirect tool wear monitoring in turning using artificial neural networks.
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Mainly, vibrations, acoustic-emission, torque, power, velocity and temperature
sensors were employed for obtaining the feedback for indirect estimation of tool
wear. Some of the representative work is as follows. Das ef al. (1996) developed a
back propagation neural network model for the reliable on-line tool condition
monitoring based on cutting force measurement. The ratio of cutting force
components have been found as a better indicator of the tool wear.

Silva et al. (1998) developed neural network based online tool condition
monitoring for turning process using signals from five sensors. They used two types
of neural network learning algorithms— adaptive resonance theory (ART) and self-
organising map (SOM) to classify statistical and frequency domain features of the
sensor signals. The ART2 creates and classifies tool wear with less number of
sampled data and has the ability to respond immediately. The SOM is a method of
mapping a high-dimensional input space on to a one or two—dimensional output
space by using an unsupervised neural model. The authors found that the NN with
the SOM perform better than the ART2 in classifying unseen sampled data. Nadgir
and Ozel (2000) employed a neural network to model tool condition monitoring
system (TCMS). On line cutting forces were measured by a piezoelectric tool
dynamometer and used as inputs to the network. Data obtained from several
machining test with use of different cutting speed, feed and a constant depth of cut
were used to train the network. Chungchoo and Saini (2002) proposed an on-line
fuzzy neural network (FNN) to predict tool wear. Cutting forces, acoustic emission
signals, skew and kurtosis of force bands and total energy of forces were taken as

input parameters of the neural network.

2.3.1.3 Cutting force
Cutting force is one of the important characteristic variables to be monitored during
machining process. Tool breakage, tool-wear and work piece deflection are mainly
due to abnormal cutting force developed during machining process. To predict and
monitor cutting forces various models were proposed using soft computing
techniques.

Khanchustambham and Zhang (1992) used neural network to predict cutting

force as well as surface finish during machining of ceramic material. Feed, depth of
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cut and spindle speed are used as input parameters for the network. The network is
trained by cutting force signal and measured surface finish for on-line monitoring of
turning process. Lee et al. (1995) used feed forward neural network to predict
cutting force components. The network is trained using undeformed chip thickness,
chip width, cutting speed and tool rake angle as input parameters. The authors found
the predicted results are in good agreement with experimental data. Luong and
Spedding (1995) developed neural network model to find cutting conditions for a
given work material and required depth of cut to predict the cutting forces, surface
roughness and tool life. They trained the network using data from Machining Data
Handbook and have shown that the neural network establishes a correlation from
empirical data. Szecsi (1999) used neural network model for cutting force estimation
in turning process. Process parameters, tool geometry, work piece material and flank
wear were taken as input parameters of the network. The author used 3200 training
and 1500 testing data to train the network and found very good prediction accuracy.
However, there is no discussion about the statistical variation of the cutting forces.
Lin et al. (2003) used radial basis function neural network and multiple regression
analysis to predict machining forces-tool wear relationship in machining of
aluminum metal matrix composites. Besides process parameters, feed and cutting
forces were used to estimate tool wear. The authors obtain better correlation of tool
wear with feed force data than with cutting force.

In high speed turning, the correlations between various cutting parameters play
an important role while model building. Ezugwu et al. (2005) used an ANN
approach to model the correlation between five process parameters viz., speed, feed
rate, depth of cut, cutting time and coolant pressure with seven performance
parameters viz., tangential force, feed force, spindle motor power consumption,
surface roughness, average flank wear, maximum flank wear and nose wear. The
developed model agrees well with experimental data and can be used to analyze and
predict the relationship between process and performance parameters.

Hao et al. (2006) proposed multi-layer perceptron neural network model for
predicting cutting force in self-propelled rotary tool in turning. Cutting speed, feed
rate, depth of cut and tool inclination angle were input parameters and thrust force,

radial force and main cutting force are output parameters of the network. The
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authors applied hybrid of genetic algorithm (GA) and Back propagation (BP)
algorithm to improve performance of neural network model.

Lin et al. (2001) predicted surface roughness and cutting force using abductive
neural network during turning of high carbon steel with carbide inserts. Abductive
networks are composed of a number of polynomial functional nodes organized into
several layers. Unlike general neural network, abductive neural network generate
optimal network architecture automatically and take less iterations in training. The
network is trained with cutting speed, feed and depth of cut as input parameters.
Predicted results are found to be more accurate compared to regression analysis. Li
et al. (2000) used neuro-fuzzy techniques to estimate feed force by measuring motor
current using current sensor in CNC turning centre. Motor current and feed rate was
used as input parameters. The authors found that the estimated force was within an

error of 5%.

2.3.1.4 Process optimization

The machining optimization problem is highly non-linear and possesses multiple
solutions. In multi-objective optimization, cutting parameters is of great concern in
manufacturing environment.  Researchers considered various input (cutting)
parameters like cutting speed, feed rate, depth of cut, cutting time, coolant pressure
etc. and output (process) parameters like tangential force, axial force, radial force,
feed force, spindle power consumption, surface roughness, tool life, average and
maximum flank wear and nose wear efc. for modelling. Optimization of single-pass
turning has been attempted in early works. However, in general, a turning operation
involves a number of rough cuts and a final finish cut. In manufacturing industries,
multi-pass turning is widely used than single-pass turning. The highest possible
metal removal is aimed in rough passes, where surface finish is not an important
consideration. However, in finish turning process surface finish is the most
important consideration. Researchers have used soft computing optimization
techniques viz., fuzzy logic, neural network, simulated annealing, genetic algorithm,
ant colony optimization and particle swarm optimization to optimize both single and

multi-pass turning problem.
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Karpat and Ozel (2005) developed a multi-objective optimization model for
single pass turning to model surface roughness and tool wear. They used PSO based
neural network optimization scheme to optimize finish hard turning processes using
CBN tools. NN model predicts surface roughness and tool wear during machining
and PSO is used to obtain optimum cutting speed, feed rate and tool geometry. The
authors found that PSO takes less number of iterations to reach the optimum
conditions.

Neural network used in fuzzy decision environment have been reported in
literature. Wang (1993) used feed forward neural network using manufacturer’s
fuzzy preferences to determine the optimum cutting parameters by solving the multi-
objective problem with the help of a neural network model. The objectives
considered were productivity, operation cost and cutting quality. Lee ef al. (1999)
presented fuzzy non-linear programming model to optimize cutting conditions for a
turning process. Neural network is modeled to predict cutting speed and
machinability and the output of the optimization model is applied as inputs to neural
network. Hashmi et al. (1999) developed a fuzzy logic model for selection of cutting
conditions for machining

GAs are very suitable for solving multi-objective problems. Based on
representation of design variables they are of two types: binary coded genetic
algorithm (BGA) and real coded genetic algorithm (RGA). In machining
optimization, RGAs are more precise, more consistent and lead to faster
convergence. Abburi and Dixit (2007) developed an optimization methodology
which is a combination of a real-coded genetic algorithm (RGA) and sequential
quadratic programming (SQP) to obtain Pareto-optimal solutions to minimize
production cost. The major advantage of the methodology is that various Pareto-
optimal solutions are generated without the knowledge of the cost data. The
optimization is carried out with equal depths of cut for roughing passes and the
authors found that RGA combined with SQP is very efficient in reaching up to
global optimum. Kim et al. (2008) also explored the applicability of real coded
genetic algorithm (RGA) in machining optimization. In their work, RGA has been

compared to SA, continuous SA, GA and generalized reduced gradient method.
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Chen and Tasi (1996) used simulated annealing (SA) to optimize multi pass
turning to obtain minimum unit production cost and found it effective. Chen and
Tasi followed by many researchers applied SA approach to solve the optimization
problem of multi pass turning process. Baykasoglu and Dereli (2002) have used SA
to optimize cutting conditions in their heuristic model. However, they did not take
surface finish into consideration. Onwubolu and Kumalo (2001) applied BGA to
minimize unit production cost and concluded that BGA significantly performs better
than SA. However, Chen and Chen (2003) have shown that Onwubolu and Kumalo
have incorrectly handled the machining model and showed that the GA provides no
better solution than SA.

The distribution of total depth of stock among different rough cuts and final
finish pass is an important task in multi-pass turning optimization. Wang and
Jawahir (2005) proposed GA based methodology for the allocation of total depth of
cut in multi pass turning. A novel feature of this work is the consideration of tool
wear in the optimization procedure.

In recent literature, newer optimization techniques such as ant colony
optimization (ACO) and particle swarm optimization (PSO) are used to optimize
multi pass machining. Srinivas et al. (2009) optimize multi pass turning process to
minimize total production cost using PSO in their mathematical model. They used
six cutting constraints viz., variable bounds, tool life, cutting force, power, stable
cutting region and chip-tool interface temperature. It is found that PSO provides
optimal feasible solutions within a reasonable computational time. Vijayakumar et
al. (2003) used ACO to minimize unit production cost subjected to various practical
constraints and found that the approach performs better than SA and GA. However,
it has been contradicted by Wang (2007).

Ojha et al. (2009) used neural networks, fuzzy sets and genetic algorithms
based soft computing methodology to optimize parameters in multi pass turning
operation. Neural network has been used for prediction of surface finish and tool
life. In view of uncertainty, surface roughness is quantified by using fuzzy number.
An equal depth of cut for roughing passes along with a single finish pass strategy,
similar to earlier work of Yeo (1995) has been considered in optimization model.

The optimization model has been applied for determining the optimum cutting
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parameters for two cases viz., minimization of production cost and maximization of

production rate.

2.3.2 Milling Process

Milling is a multipoint tool cutting process in which the cutter rotates at some speed
while the work feeds past the cutter. The peripheral speed of the cutter called
cutting speed, movement of the work piece under the work piece per unit time called
feed rate or table feed, depth of cut in the direction along the cutter axis called axial
depth of cut, depth of cut normal to the cutter axis called radial depth of cut and
number of passes are process parameters. These parameters may be optimized for
obtaining the minimum cost of machining and minimum production time. Review of
research work related with optimization of milling process as well as prediction of
various milling performance measures such as surface roughness, tool wear and

cutting force presented in the following sub-sections.

2.3.2.1 Surface roughness

Surface roughness has been an important factor in predicting the performance
measure of any machining process. In milling, it is influenced by machining
parameters such as speed, feed and depth of cut, tool diameter, radial rake angle,
nose radius, work piece material, tool material, machine vibration, efc. Researchers
have attempted to predict surface roughness using an adaptive neuro-fuzzy inference
system (ANFIS), genetic programming and fuzzy logic, mostly on end milling
operation. GA and PSO were used as optimization techniques.

Lo (2003) used ANFIS to predict the surface roughness in end milling process.
Spindle speed, feed rate and depth of cut were considered as input parameters. The
ANFIS was modeled using triangular and trapezoidal membership functions. The
average error of prediction of surface roughness for triangular membership function
was found lower, around 4%. Ho et al. (2009) also proposed ANFIS to predict
surface roughness on aluminum alloy work piece milled with HSS tool. They used a
hybrid Taguchi genetic learning algorithm in the ANFIS to determine the most
suitable membership functions and simultaneously find the optimum parameters by

directly minimizing surface roughness error. The results show that their approach
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using Gaussian membership function outperforms the ANFIS method given in the
MATLAB® tool box and other reported work.

Brezocnic et al. (2004) proposed a genetic programming (GP) approach to
predict surface roughness in end milling process. The genetic programming is an
evolutionary computation method that was first introduced by Koza (1992) in the
year 1992. It aims to find out computer programs (called as chromosomes) whose
size and structure dynamically changes during simulated evolution that best solve
the problem. Cutting parameters viz., spindle speed, feed and depth of cut as well as
vibration between tool and work piece were used to predict the surface roughness
and the authors found that the model that involves all these variables accurately
predict the surface roughness.

Reddy and Rao (2005) developed an empirical surface roughness model for
end milling of medium carbon steel, whose parameters were optimized using GA.
Oktem et al. (2005) determined the optimum cutting conditions for minimum
surface roughness in milling of mould surfaces. The surface roughness was modeled
by response surface method and GA was used for optimizing the cutting conditions.
Reddy and Rao (2006) used genetic algorithm to optimize tool geometry viz., radial
rake angle and nose radius and cutting conditions viz., cutting speed and feed-rate to
obtain desired surface quality in dry end milling process.

Prakasvudhisarn et al. (2009) proposed an approach to determine the optimum
cutting condition for desired surface roughness in end milling. The approach
consists of two parts: machine learning technique called support vector machining
(SVMs) to predict surface roughness and particle swarm optimization technique for
parameters optimization. The authors found that PSO shows consistent near-optimal
solution with little effort.

Chen and Savage (2001) used fuzzy-net based model to predict surface
roughness under different tool and work piece combination for end milling process.
Speed, feed and depth of cut, vibration, tool diameter, tool material and work piece
material are used as input variables for fuzzy system. The authors found that the
predicted surface roughness is within an error of 10%. Igbal et al. (2007) developed

a fuzzy expert system for parameter optimization that includes prediction of tool life
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and surface finish in hard-milling (high speed milling of steel having 45 HRC

hardness) process.

2.3.2.2 Tool wear and tool condition monitoring

During milling process, cutter wear reduces surface finish of the work piece and
increases cutting forces, power consumption, efc. Unfortunately there is no direct
way of online measuring of tool wear. In indirect method of estimation sensors are
used to extract features from cutting zone and tool wear is estimated. Neural
network, fuzzy logic and genetic algorithm are used to predict wear and monitoring
tool condition online in face and end milling processes. Ghosh et al. (2007)
developed a neural network-based sensor fusion model to estimate tool wear during
CNC milling process. Signals in the form of cutting forces, spindle motor current
and sound pressure level were used as inputs for neural network. The authors have
proposed newer methods such as feature space filtering, prediction space filtering,
etc. to improve prediction accuracy and found that the prediction is satisfactory in a
real-time error-prone environment.

Chen and Black (1997) proposed a fuzzy-nets tool-breakage detection system
for monitoring tool breakage in end milling operations. The developed system has
self learning capability and generates fuzzy rule base from the experimental data.
However, for the generation of fuzzy rules from given input-output data pairs they
have used large data sets compared to that used by Kohli and Dixit (2005) in fitting
neural networks for predicting surface roughness in turning process. The proposed
system has ability to detect tool breakage online, approaching real time basis. Dutta
et al. (2000) also proposed a fuzzy controlled back propagation neural network
model for predicting the tool wear in face milling process. The convergence speed,
prediction accuracy and total time of system development make this approach an
attractive technique suitable for online tool condition monitoring. Fuzzy logic based
in-process tool wear monitoring system has been proposed by Susanto and Chen
(2003). Cutting parameters viz., feed and depth of cut and maximum resultant
cutting force were used as variables to predict flank wear of the cutter. The authors
found that the system effectively monitors the wear condition on the tool during

cutting process with an average error of 8.7%. Tansel et al. (2005) proposed tool
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monitoring system using genetic algorithm to monitor micro-end-milling operations
that is able to estimate wear and local damages of the cutting edges of a tool. Dutta
et al. (2006) predicted the wear of the tungsten carbide inserts using neural network
during face milling of steel. They proposed a new approach called modified back
propagation neural network with delta bar delta (MBPNND) learning to enhance the
convergence speed and prediction accuracy of the network. The authors found that
MBPNND is efficient compared to three other approaches viz., back propagation
neural network, fuzzy back propagation neural network, modified back propagation
neural network.

Ching-kao and Lu (2007) used grey-fuzzy logic approach to predict optimal
cutting conditions for improved tool life and metal removal rate during side milling
of SUS304 stainless steel. Grey-fuzzy logic that combines grey relational analysis
and a fuzzy logic is useful to deal poor, incomplete and uncertain information. The
approach converts multi response variable into single response grey-fuzzy reasoning
grade and simplifies optimization procedure. The result shows improved

performance on side milling process with heavy cutting.

2.3.2.3 Cutting force

The performance of milling process is monitored through measurable output
parameters mainly by cutting forces and controlling input cutting parameters to suit
particular cutting conditions. Neural networks were used to predict cutting forces
during machining. Tandon and El-Mounayari (2001) employed multi-layer
perceptron network for modelling the cutting forces in end-milling process. The
model was limited to one tool-work material combination (high speed steel tool and
aluminum work piece) and the authors used 96 data for training and testing the
network. However, the model does not take into account the tool wear. Zuperl and
Cus (2004) proposed feed-forwarded neural network model with 10 input neurons to
estimate cutting forces in ball-end milling operation. Cutting speed, feed rate, axial
and radial depth of cut, cutter diameter, wok material type and its hardness, type of
insert, tool wear and cutting fluid are used as input parameter of the neural network

to predict three cutting force components.
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Radhakrishnan and Nandan (2005) predicted cutting force model using
regression and neural networks. A regression model is used to filter out abnormal
data points and the filtered data were used in neural network for better prediction.
Briceno et al. (2002) compared a multi-layer perceptron neural network with radial
basis function network for prediction of machining forces in milling. The radial
basis function network was found to be superior to multi-layer perceptron neural
network. Considering the statistical variation, the neural networks were used for
predicting minimum, maximum, mean and standard deviation of the cutting forces.
Zuperl et al. (2006) also found the radial basis function neural networks as superior
to the multi-layer perceptron in modelling of machining forces in ball-end milling.
Aykut et al. (2007) used artificial neural network to predict cutting forces and
studied machinablity in face milling process. Cutting speed, feed rate and depth of
cut were used as input parameters of the network to predict three cutting forces and

they found the estimated force within an error of 10%.

2.3.2.4 Process optimization

Most of the work in machining optimization has been focused on turning problems.
In milling, the process is modeled with input parameters like cutting speed, feed
rate, radial depth of cut, axial depth of cut, number of passes, cutter diameter, helix
angle of the cutter, work piece hardness, milling orientation, cutting time, etc. and
performance parameters like tangential force, axial force, radial force, feed force,
spindle power consumption, arbor defection, surface roughness, tool life, average
and maximum flank wear and nose wear efc. Soft computing optimization
techniques such as neural network, genetic algorithm and simulated annealing are
mostly employed to optimize both single and multi pass milling problem.

Tandon et al. (2002) used an artificial neural network to predict the cutting
forces which in turn was used to optimize both feed and speed using particle swarm
optimization algorithm for NC pocket milling process. They observed that the
approach reduces machining time up to 35%.

Shunmugam et al. (2000) used genetic algorithm to optimize minimum
production cost in face milling operation. The machining parameters viz., number of

passes, depth of cut in each pass, speed and feed are obtained. The authors found
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that the proposed optimization method yields better results to those reported in
literatures. Cus et al. (2006) proposed an on-line monitoring and optimization of
cutting process to optimize production cost and time for a desired surface finish in
ball end milling process. The cutting forces measured by sensors were analysed and
optimum cutting parameters is obtained by using genetic algorithm. The results
show that the method is effective and can be integrated into real time manufacturing
environment. Sreeram et al. (2006) also proposed binary coded genetic algorithm to
optimize cutting parameters for maximum tool life as well as minimum production
cost in micro end milling process. Depth of cut along with other cutting parameters
(cutting speed and feed rate) has been considered as decision variables. The authors
found improved results compared to tool supplier’s data.

Genetic simulated annealing (GSA) algorithm, which is a hybrid of GA and
SA is used by Wang et al. (2004) to determine the optimum machining parameters
for plain milling process. GSA being hybrid algorithm exploits the strength of SA
and GA and overcome their weakness in optimizing feed rate and speed for an
objective of minimum total production time. Number of constraints such as
allowable cutting speed, feed rate, horse power, arbor strength and arbor deflection
are considered. The results show that GSA is more efficient than GA and geometric
programming (GP).

Apart from economic objective of optimization, soft computing techniques
have also been used for tool path planning in milling complex part geometry. Suh
and Shin (1996) used neural network model for generation of tool path during rough
cutting of pocket milling. The algorithm is validated through computer simulation as

well as real machining.

2.3.3 Grinding Process

Grinding is a finishing process, widely used in manufacturing of components
requiring fine tolerances and good surface finish. In basic cylindrical grinding
process the wheel speed, work speed, work feed rate and radial depth of cut are the
process parameters. The peripheral speed of the grinding wheel is called wheel
speed and the peripheral speed of the work against wheel rotation called work speed.

During machining process the work supported on the table travels across width of
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the wheel. The process parameters slightly vary for surface grinding and other
grinding process. These parameters may be optimized for obtaining the minimum
cost of machining and minimum production time. However, for optimization,
performance of the process such as surface finish, wheel wear, grinding burn,
grinding force and vibrations has to be predicted. The review of the literature in this

area is presented in the following sub-sections.

2.3.3.1 Surface finish

In grinding process, surface roughness is one of the important factors in assessing
the quality of the ground component. Operating parameters such as wheel speed,
work speed, feed and depth of cut, work material properties, grinding wheel
composition, coolant application, machine vibration, efc. are the variables that affect
the surface roughness in the grinding process. Many of these variables are non-
linear, inter-dependent and difficult to quantify. In recent decades, due to complexity
of the grinding process soft computing techniques were used to estimate surface
roughness that takes many variables into account and covers a wide range of cutting
conditions.

Ali and Zhang (1999) proposed a fuzzy logic model for surface roughness
estimation of work piece produced by surface grinding operation. They used 16
variables which are influential for surface roughness and found that the method is
simple, effective and superior in modelling non-linearity. Nandi and Pratihar (2004)
developed a genetic-fuzzy system for prediction of surface finish as well as power
required in grinding process. They used GA to optimize fuzzy knowledge base
offline and compared the predicted results with experimental data.

Kim (2002) developed a neuro-fuzzy model to optimize cycle time in plunge
grinding process. He used grinding power, peak value of power spectrum and time
constant as inputs for neural network to estimate work piece surface roughness.
From the results obtained, he found that the model is more reliable than regression
model. Samhouri and Surgenor (2005) proposed an adaptive neuro-fuzzy inference
system (ANFIS) to predict surface roughness in grinding process. The power
spectral density parameters of piezoelectric accelerometer were used as inputs to

ANFIS and the authors found prediction accuracy as 91%.
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In 1992, Wang and Mandel (1992) first introduced fuzzy basis function which
has the capability of combining both numerical data and linguistic information.
Thereafter, many researchers used fuzzy basis function network employing single or
multiple variables. Nandi and Banerjee (2005) used fuzzy basis function neural
network to predict surface roughness and corresponding power requirement in
cylindrical plunge grinding process. Wheel speed, work speed and feed rate were
considered as input variables and, power requirement and surface roughness as
output variables of the network architecture. The fuzzy rule base was designed
automatically using a genetic algorithm and from the results it was concluded that

the model predicts better than mathematical models.

2.3.3.2 Wheel wear and grinding burn
Estimation of life of grinding wheel is important in grinding process. Generally,
surface roughness, chatter marks and burn marks, efc. on work piece surface are
considered as an indication for wheel life limit in grinding process. Deivanathan et
al. (1999) used neural network to predict wheel life in cylindrical plunge grinding
process. The occurrence of burn marks on the work piece surface was adopted as
criterion for wheel life. Work speed, work diameter, infeed and power was taken as
inputs of feed forward neural network to estimate ‘time to burn’ as output parameter.
Wang et al. (2001) proposed a radial basis function neural network approach to
detect grinding burn on work piece from acoustic emission (AE) signals. The neural
network is trained with two sets of data, one being mean and standard of frequency
of band power, the kurtosis and skew of AE signals and other being autoregressive
coefficients. The authors found good prediction in both the cases. Ali and Zhang
(2004) developed a fuzzy-rule based model for predicting burns in surface grinding
of steel. They used 37 absolute and eight relative rules to predict the grinding
conditions. The method was found suitable for many types of steels grinding
condition. Liu er al. (2005) used fuzzy pattern recognition technique to predict
grinding burn. They used acoustic signals which were obtained by wavelet pocket
transform and optimized by fuzzy clustering.

Lezanski (2001) used neural network and fuzzy logic to monitor the grinding

wheel condition using multiple sensors. Two grinding parameters viz., grinding
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engagement and coolant volume rate and 14 sensory signal feature related to
vibration, grinding forces, vibration-power spectrum, acoustic emission RMS and
acoustic emission-power spectrum RMS, were used as inputs to the neural network.
The author found that neuro-fuzzy system performs lower than neural network

approach.

2.3.3.3 Grinding force and vibrations

Grinding forces influence the efficiency and productivity of the process since it
affects the mechanism of metal removal, wheel wear, efc. Neural network approach
is used to estimate grinding force in various grinding processes. Fuh and Wang
(1997) used back propagation neural network to model grinding force in creep feed
grinding process. Work speed, wheel speed, wheel diameter, depth of cut and
grinding manner (up or down) are used as input parameters of the neural network to
estimate vertical force and horizontal force.

Kawak and Ha (2004) proposed a neural network approach to predict chatter
vibration and grinding burn. Data from AE sensor and power meter viz., RMS peak,
FFT peak, static power and dynamic power were used as input parameters to predict
status of grinding condition as normal, burning, or chatter vibration. The authors
found that the learned neural network with power and AE parameter provides the

diagnosis of the grinding process better.

2.3.3.4 Process optimization

The optimization of grinding process is an important task due to accurate and
economical means of shaping the parts into final product with required surface finish
and high dimensional accuracy. Problems are formulated to maximize production
rate and minimize production cost subject to constraints such as burns, wheel wear
and machine stiffness and so on.

Liao and Chen (1994) used back propagation neural network (BPNN) model to
optimize creep feed grinding process and found better result than the regression
method. The model considers five input variables, viz.,, bond type, mesh size,
concentration of abrasive particles, work speed and depth of cut and three output

parameters, viz., surface finish, normal grinding force per unit width and grinding
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power per unit width. Govindasamy et al. (2005) developed a dynamic neural
network model-based control strategy to minimize defects in grinding of aluminum
disks. They found that the approach reduces thickness defects of the component.

Brinksmeier et al. (1998) proposed NN and fuzzy set based model to optimize
the grinding processes. They evaluated the grinding process in terms of geometric
quantities (such as dimension, shape, waviness and surface integrity) and product
quality i.e., surface roughness. Lee and Shin (2000) proposed fuzzy basis function
neural networks (FBFNs) for modelling of grinding processes to find the optimum
process conditions. The model was applied for two grinding optimization problems
viz., creep feed grinding and surface grinding process and it was found that the NN
based algorithm outperforms traditional optimization techniques in surface grinding
process.

Saravanan and Sachithanandam (2001) proposed binary coded genetic
algorithm (BGA) based optimization procedure to optimize cutting conditions, viz.,
wheel speed, work speed, lead of dressing and depth of dressing in multi-objective
surface grinding problem. They found that GA performs better than traditional
quadratic programming. Gopal and Rao (2003) also developed a BGA based
optimization procedure to optimize grinding conditions, viz., depth of cut, work
speed, grit size, density, using a multi-objective function model. From the results
obtained they found that the material removal rate and cost of grinding are
influenced more by surface roughness constraint than by that of surface damage.
Baskar et al. (2004) also considered multi—objective surface grinding problem to
optimize cutting conditions. They used ACO based optimization and found that it

outperforms quadratic programming technique and GA.

2.3.4 Drilling Process

Drilling is the process of making a cylindrical hole in a solid work piece using a
cutting tool called drill. The peripheral speed of the drill is called cutting speed. The
movement of the drill along the axis of the hole for one revolution is called feed and
radius of the drill is called as depth of cut. These three parameters viz., cutting
speed, feed and depth of cut are the process parameters. The special feature of

drilling is that the cutting speed varies along the cutting edge, from almost zero near
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the center of the drill to the circumferential speed of the drill at its outer radius.
These parameters may be optimized for obtaining the minimum cost of machining
and minimum production time. However, for optimization, performance of the
drilling process has to be predicted. Soft computing has been applied for machining
performance prediction and optimization. The review of literatures in this area is

presented here.

2.3.4.1 Surface finish and dimensional deviation

In industrial modern precision assembly system, “hole quality” in term of surface
roughness and roundness is an important factor and is achieved by reaming process.
The reaming is the process of accurately sizing and finishing the previously
produced hole. Mathews and Shunmugam (1999) used ANN approach for predicting
hole quality in reaming process. Acoustic emission, cutting force and vibration
sensor data were used as input parameters and surface finish, roundness error and
residual stress as output parameters of the neural network. The result shows that
ANN predictions using multisensor data were much closer to the experimental
values and this approach is found to be an effective approach.

The effect of drilling a hole on specialized materials like composites has been
addressed by few researchers. In drilling of fiber-reinforced composites
delamination and surface finish are two major concerns. Taso and Hocheng (2008)
used RBF neural network with three drilling factors, viz., spindle speed, feed rate
and drill diameter to predict thrust force and surface finish of candlestick drill in
drilling of composite materials. The predicted results show that the errors in thrust
force and surface finish prediction are below 2% and 4%, respectively and the
procedure is more accurate compared to regression analysis.

Nandi and Davim (2009) used fuzzy logic rules to predict the performance of
drilling process with minimum quantity lubricant in aluminum alloy work piece. The
comparison of model prediction with experimental results shows that the fuzzy rule
base model with Takagi—Sugeno—Kang type of fuzzy rules provides better prediction

of surface roughness, cutting power and specific cutting force.
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2.3.4.2 Tool life and tool wear

The useful life of drill and its operating conditions largely control the economics of
the machining operations. Cutting parameters such as speed, feed, cutting force, efc.
influences flank wear of the drill. Fuzzy logic and neural network were used to
estimate the drill life, drill wear and monitor the drill condition.

Biglari and Fang (1995) used real-time fuzzy logic control for maximizing drill
life in a small-hole drilling (3 mm diameter) process. Experiments were conducted
under five different drill wear conditions—initial, normal wear, acceptable wear,
severe wear and drill failure to record thrust force, torque and radial force, which
developed 53 fuzzy rules. The methodology for online monitoring of drill wear is
used for controlling drill feed rate for maximum tool life.

Lin and Ting (1996) predicted drill wear using neural network and regression
models. Average thrust force and torque, spindle speed, feed rate and drill diameter
were used as input parameters and average flank wear was the only output parameter
of the neural network. The authors found that the neural networks with two hidden
layers learn faster and can more accurately estimate tool wear than the networks
with one hidden layer.

Liu et al. (2000) used polynomial network for in-process prediction of corner
wear on the drill. The polynomial network is composed of a number of functional
nodes having self-organizing feature with an ability to construct the relationship
between input and output variables. It has greater prediction accuracy and have
fewer internal network connections, compared to backpropagation network. Thrust
force or torque, cutting speed, feed rate and drill diameter were used as input
parameters. The authors found that the use of thrust force in the model provides
predictions within an error of 10%. Abu Mahfouz (2003) compared several
architectures of feedforward BPNN for tool condition monitoring of twist drill wear.
The network is trained using vibration data and five drill wear conditions, viz., chisel
wear, crater wear, flank wear, edge fracture and corner wear, which were artificially
introduced in the network for prediction of drill wear. Fully connected networks
were found to be better than grouped network and the vibration signals are

promising data for tool condition monitoring.

40
TH-1234_07610308



Literature Review and Detailed Objectives

Sanjay et al. (2005) proposed BPNN to detect drill wear on 8 mm HSS drill
while machining mild steel. The network is trained using spindle speed, feed, drill
size, machining time, torque and thrust force as input parameters. The authors found
that the three layered network with the hidden layer having two and ten neurons is
the best layered network and predicted values are accurate compared to regression
analysis for all the combination of cutting speed and feed. Panda et al. (2006) also
used BPNN for predicting flank wear on HSS twist drill while drilling mild steel
work piece. The network is trained with spindle speed, feed rate, drill diameter,
thrust force, torque and chip thickness as input parameters. The authors found that
the inclusion of chip thickness reduces mean square training error and takes less
number of iteration. Patra er al. (2007) have considered spindle motor current signal
(RMS current) in addition to process parameters, used as input parameters for
predicting drill wear using BPNN. They found that the predicted values provide
better accuracy compared to a regression model. Garg et al. (2007) compared BPNN
with RBEN for prediction of flank wear in drilling process. Chip thickness was used
as additional parameter to train the networks. From the results, the authors found
that RBFN requires large number of training patterns and large network architecture
to achieve same level of desired accuracy as the BPNN in machining copper and
mild steel work piece with HSS drill bits.

Choi et al. (2008) used neural network to predict incipient stage of drill failure
so as to prevent any damage in the drilling process. Time and frequency domains of
feed motor current were taken as input parameters and drill wear state, viz., 0.1 mm
for normal state and 0.9 mm for drill failure state, as output parameters of the neural
network. The authors found that the proposed algorithm predicted the drill breakage
accurately for different cutting conditions and machine tool types.

Khajavi and Komanduri (1993) used BPNN to predict drill wear employing
multiple sensors. The signals from four sensors, viz., thrust, torque and strain in two
directions, were used. It is found that the change in area under power spectral
density plots shows good correlation with corner drill wear. The authors concluded
that one sensor signal would be adequate for drill wear estimation.

Liu and Chen (1998) developed a BPNN model for online detection of drill

wear for drilling stainless steel work piece with HSS drills. They trained the network
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with drill size, feed rate, spindle speed and eight features of thrust and torque
signals, viz., average thrust, average torque, peak thrust, peak torque, RMS thrust,
RMS torque, area under thrust vs time curve and area under torque vs time curve as
input parameters and two stage drill wear state—useable and failed as output
parameters of the network. The authors found that the developed system shows high
robustness and usefulness for complex production environments like flexible
manufacturing system. Li and Tso (1999) proposed fuzzy logic model for online
drill wear state monitoring using spindle motor and feed motor current signals. They
classified drill wear into three categories, viz., small (0.2 mm), normal (0.5 mm) and
severe (0.8 mm), to ensure tool replacement at the proper time and found that flank

wear can be accurately predicted by using feed motor current.

2.3.4.3 Drilling force

In drilling process thrust force and its control is a major concern. The thrust force
and torque are influenced mainly by work piece hardness, drill point angle, drill
diameter and feed rate. The various soft computing techniques were used to estimate
the thrust force and control the drilling process particularly in drilling of composite
laminates where occurrence of delamination at exit and entrance planes is the main
problem.

Stone and Krishnamurthy (1996) used neural network to model the
relationship between feed rate and the thrust force during drilling of fiber-reinforced
composite materials using diamond tipped drill. They developed a neural network
based controller that minimizes the problem of delamination or crack growth during
the drilling process. The authors compared the proposed method with experimental
results and found that thrust force controlled drilling process is advantageous over
conventional constant feed drilling process. The similar problem of delamination
during drilling is modeled by Chung and Tomizuka (2001) using fuzzy logic. They
proposed drill thrust force control strategy by adjusting drill feed rate to reduce
occurrences of delamination in drilling composite materials.

Karri (1999) used RBF neural network to predict thrust and torque during
process. Tool geometry and operating conditions viz., spindle speed, feed and drill

diameter were used as input parameters of the network. The author tested network
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over a range of process variable and found the predicted values within an error of
10%.

Sheng and Tomizuka (2006) developed an intelligent control system using
neural network and fuzzy logic to control thrust force in drilling process. Drill head
position information is included in neural network model and fuzzy logic is used to
deal with gain variation due to drill wear. The proposed model was compared with
simulation and experimental results. It was found that the method worked well over

a wide operating range.

2.3.4.4 Process optimization

In conventional drilling process actual cutting takes very less time compared to other
non-productive time. Therefore, the process optimization to minimize cutting time is
of less concern among the researchers compared to other metal cutting process. A
few researchers have attempted to determine correlation among cutting parameters.

Lee et al. (1998) developed an abductive neural network model for predicting
drill life, metal removal rate, thrust force and torque. Cutting speed, feed rate and
drill diameter were taken as input parameters of the network and simulated
annealing algorithm is used to optimize the process parameters considering tool cost
and productivity.

Hashmi er al. (2000) developed fuzzy logic model for selection of cutting
speed to drill three different work materials viz., medium carbon steel, low carbon
alloy steel and medium carbon free machining steel. The predicted drilling speeds
for different work material hardness shows good co-relation with machining data
handbook.

Ghaiebi and Solimanpur (2007) used an ant algorithm to minimize tool air-
time and tool switching time in a multiple hole making process employing several
tools. The authors found that the proposed method is effective and efficient
compared to traditional dynamic programming. Zhu and Zhang (2007) proposed a
PSO algorithm for solving the problem of drilling path optimization in holes
machining in CNC machining centre. The proposed algorithm obtains the global

optimization solution with reduced computational time.
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2.3.5 Discussion on the Review of Soft computing Based Modelling and
Optimization

From the review of the research papers, it is clear that soft computing techniques
have been applied for prediction of surface roughness, dimensional deviation, tool
life, tool wear and cutting forces. A number of soft computing techniques have been
used for the optimization of machining processes. The main objectives in the
optimization of turning, milling and grinding have been minimization of cost of
machining and maximization of production rate. Multi-objective problems also have
been solved. In drilling process, maximization of drill life and optimization of drill
path have been the main objectives.

For the prediction of performance parameters, MLP neural networks with
single hidden layer have been widely used. Some authors (Lin and Ting, 1999)
found that MLP neural networks with two hidden layers are superior to those with
single hidden layer.

However, there is no general agreement for it. Neural network training
algorithms require some adjustable parameters. Some skill is needed in choosing the
proper value of the parameter for faster training and better accuracy. Some authors
(Dutta et al., 2000; Dutta et al., 2006) have modified the standard back propagation
algorithm for improving the training. There are a few papers that paid attention to
develop a systematic procedure for deciding the size of training and testing data sets
and for improving the quality of the data (Kohli and Dixit, 2005; Ghosh et al,
2007). A number of authors have used radial basis function networks and observed
their superiority in terms of network training (Sonar et al., 2006; Basak et al., 2007,
Taso and Hochang, 2008; Karri, 1999).

Compared to neural networks, there is lesser number of applications of fuzzy
sets for the prediction of machining performance. Neural network models have been
found superior to fuzzy set based model in learning. However, the knowledge
captured by them is not transparent. On the other hand, fuzzy set based models
provide a rule base that can be interpreted. To take the advantages of both, Abburi
and Dixit (2009) developed a knowledge base system, in which the neural network
was used for learning and fuzzy set theory was used for rule generation and

inference. There have been some applications of neuro-fuzzy systems (Nandi and
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Pratihar, 2004; Chungchoo and Saini, 2002; Li et al, 2000; Lo, 2003; Chen and
Savage, 2001; Kim, 2002, Samhouri and Surgenor, 2005). For optimization, GA and
SA have been applied by a number of researchers (Abburi and Dixit, 2007; Kim e?
al., 2008; Chen and Tasi, 1996; Baykasoglu and Dereli, 2002; Onwubolu and
Kumalo, 2001; Chen and Chen, 2003; Wang and Jawahir, 2005; Ojha et al., 2005;
Oktem et al., 2005; Shunmugam et al., 2000; Wang et al., 2004; Saravanan and
Sachithanandam, 2001). There have been a few application of neural networks
(Wang, 1993; Tandon, et al., 2002, Liao and Chen, 1994; Govindasamy, 2005;
Brinksmeier et al., 1998), fuzzy sets (Lee, et al., 1999, Hashmi et al., 1999; Hashmi
et al, 2000), PSO (Srinivas et al, 2009; Zhu and Zhang, 2007) and ACO
(Vijayakumar et al., 2003; Ghaiebi and Solimanpur, 2007) in optimization.

MLP neural networks, RBF neural networks and fuzzy sets have been used
mostly for performance prediction of machining processes. The applicability of a
particular soft computing technique is not dependent on the type of machining
process, but is dependent on the amount of data/information available, training time
required and the transparency in prediction needed. Table 2.1 shows the relative
merits and demerits of these three techniques based on the information available in
the literature and the experience of the author and supervisors of this thesis. These
techniques do not provide a unique solution and their performance is dependent on
the skill of model-developer, atleast to some extent. However, Table 2.1 fairly
summarizes the general observation

Considering the relative merits and demerits, it is natural that many authors are
prompted to use the techniques that are combinations of these techniques. The best
strategy can be to first develop a neural network based model and use it to build a
fuzzy set based model to attain transparency and improved performance as was done
in (Abburi and Dixit, 2006). If enough training data is available, then RBF neural
network should be given preference to MLP neural network. In absence of enough
data, a strategy suggested in (Sarma and Dixit, 2007) may be adopted, where first an
MLP neural network is trained with limited data, which is used to generate a huge
amount of data for training an RBF neural network with real data reserved for

testing.
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Table 2.1. Comparison of MLP neural network, RBF neural network and fuzzy sets

for performance prediction in machining.

Technique

Merits

Demerits

MLP neural

network

Can learn from limited
dataset.
Provide enough

accuracy if trained

properly.

Training process requires
skill and is time consuming.

Very poor in extrapolation.

RBF neural

network

Training is easier and

faster

Requires more training data
than MLP.
Accuracy slightly inferior to

MLP

Fuzzy sets

Can easily incorporate
expert knowledge.
Transparent compared
to neural networks.
Reasonable
performance in

extrapolation.

Need huge amount of data
for automatic rule
generation.

Some skill is needed for
assigning membership
grades to subjective

information.

Soft computing based optimization techniques like GA, SA, ACO and PSO are

suitable for optimization. The best strategy is to use neural networks and fuzzy set

theory for performance prediction and GA/SA/ACO/PSO for optimization. The

optimization techniques can be used for adjusting the internal parameters of

predictive systems, for example, for adjusting the weights in neural networks and

membership functions in fuzzy sets. Among the four optimization techniques

mentioned in this review, GA has been widely used and has matured as a robust

technique of metal cutting optimization. The real parameter GA that does not require

the decision variables to be converted as binary numbers is very effective for solving

multi-objective optimization problem. ACO and PSO have been applied for

machining optimization recently. Due to simplicity in its execution, the PSO may

emerge out to be a viable alternative to GA.
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Following issues have not received enough attention and need to be addressed:

1.

Optimization with online learning: In optimizing the machining
process, the knowledge of tool life as a function of cutting parameters is
an essential requirement. It is not economical to conduct tool life test for
different work piece-tool combinations. Also, the neural network or
fuzzy-based systems need a number of data for training. The experiments
consume a lot of time and may not be sufficient for online optimization.
A scheme can be developed that can carry out the optimization with
online learning. The approach may be helpful for predicting optimized
process parameters in real time machining environment economically
Coping with statistical variation: In machining, the performance
variables possess statistical variation. A reliable model building requires
a number of replicate experiments. The built model should be able to
predict the probability distribution of the performance parameters. There
have been very few attempts in this direction. Some authors have
developed neural network models that can predict the confidence
intervals (Chryssolouris ef al., 1996; Shao et al., 1997) of the prediction.
However, it has not been applied to machining. In references (Kohli and
Dixit, 2005; Sonar et al, 2006), the most likely, upper and lower
estimates of the performance variables are predicted.

Data filtration: The prediction accuracy is dependent on the accuracy of
the experimental data. The data may invariably contain noise. Therefore,
it is necessary to filter it for removing the outliers. Only a few
researchers have paid attention to this aspect (Kohli and Dixit, 2005;
Radakrishnan and Nandan, 2005).

Hybrid computing: The combination of hard (physics based) and soft
computing has not been provided proper attention in metal cutting arena.
Such attempts have been successfully employed in other areas of
manufacturing, for example in Geerdes and Alvardo (2008). Finite
element analysis can be combined with soft computing tools to obtain

more accuracy and have less dependency on experimental data.
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5. Incorporating the time as a variable in prediction and optimization:

Most of the researchers have predicted surface roughness and cutting
force as a function of cutting process parameters only. The performance
of the machining process gets changed with time due to tool wear.
Therefore, there is a need to model these parameters with time as a
variable. Similarly, in optimization also, the time effect has to be
considered. For example, the effect of tool wear has been considered to
optimize multi-pass turning operations in (Wang and Jawahir, 2005).

Research on hardware side: Effectiveness of soft computing tools for
online prediction is dependent on the use of proper sensors. In many
cases, combination of many sensors called sensor fusion is helpful. The
development of proper sensors should go side by side with the
development of software tools. At the same time, efficient techniques for
data acquisition, data filtration and feature extraction should be

developed.

2.3.6 Concluding Remarks for Soft Computing Based Modelling and

Optimization of Machining Processes

The major observations from the review of literature in the area of performance

modelling and optimization are as follows:

1.
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Neural network models have been effectively employed for predicting the
surface roughness of machined components in turning and drilling. However,
most of the models do not predict the surface roughness as a function of
time, concentrating on the time zone when surface finish changes only
slightly with time.

Most of the authors have used MLP neural networks. Some authors have
employed RBF neural networks due to their ability of getting trained much
faster. RBF neural networks require more training data and provide slightly
inferior accuracy. However, it is only an experimental observation and in the
context of machining, no mathematical proof has been provided to support

this observation.
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Fuzzy sets and combination of fuzzy sets and neural networks have been
used for predicting the surface roughness in turning, milling and grinding.
Fuzzy set based methods are especially advantageous when the expert
knowledge is available.

Neural networks have also been used for surface finish prediction in reaming
and drilling of composite materials.

Soft computing tools have been used for estimating the tool wear and tool
life. However, the results are not as impressive as in the case of surface
roughness prediction. This is due to highly statistical nature of tool life and
tool wear and difficulty in identifying a measurable parameter with which
the tool wear can be well-correlated. Most of the authors have used cutting
force components as input parameters in their soft computing based models.
Several other signals such as acoustic emission, vibrations and temperatures
have also been tried. It is observed that instead of raw data from sensors,
features extracted from the signals are more effective in modelling the tool
wear and tool life.

Whereas surface roughness and tool wear are the major indicators of
machining performance, modelling of cutting force gains importance for its
use in estimating the tool condition, particularly the tool breakage detection.
Modelling of cutting force may also be used for estimating the power in
machining. However, minimization of cutting power is not as significant
objective as the minimization of machining cost and time.

Soft computing optimization methods like GA have been used in machining
area for two purposes— (i) for optimizing the internal parameters of neural
networks, fuzzy sets and neuro-fuzzy systems and (ii) for machining
optimization. Application of GA for machining has attained maturity. PSO, a

relatively newer technique, may emerge as a better alternative to GA.

The best strategy is to use a combination of fuzzy and neural network for

performance prediction and soft computing optimization tool like GA or PSO for

optimization. However some important issues need urgent attention. These are (i)

acquisition of data in an economical and efficient way, (ii) filtering of noisy data and

TH-1234_07610308
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(iii) extracting the statistical feature of the data. If these issues are addressed the

industrial application of these techniques will become an easy and fruitful task.

2.4 Web Based Machining and Cloud Computing Applications in

Manufacturing

With the advancement in technological development and communication tools the
concept of virtual enterprises, web based manufacturing, collaborative design and
distance manufacturing have become reality. The manufacturing industries are now
evolving towards digitalisation, networking and globalisation (Rahman, et al., 1999;
Lal et al., 2007). In a web based manufacturing environment the manufacturing
industries use computer and web technology for connecting different manufacturer
and customers globally on wire.

Starting from the late 1990s, web-based manufacturing is steadily gaining
popularity. With the help of World Wide Web, information distributed at different
locations can be accessed and shared by users anywhere in the world using web
tools such as web browsers. Yang and Xue (2003) carried out a comprehensive
review of recent research on developing web-based manufacturing systems. Several
researchers have applied web technologies for various applications such as
mechanical design, quality modelling, production scheduling, process planning, efc.

Chen et al. (1998) developed an Integrated Concurrent Engineering Design for
Mechanical Parts system. In this system the user can access product information
from different domains of computerized tools by interacting with the system through
graphical user interface (GUI) interactive screens. Also the design can be evaluated
based on criteria of design for manufacturing and design for assembly. Huang and
Mak (2001) developed a web-based quality function deployment (QFD) modelling
system. It is a three-tier architecture system. The first tier connects QFD application
clients with web server. The QFD web server and QFD application server are two
kinds of middle tier and QFD database server is third tier. The application server is
responsible for dealing with database server for synchronization and computational
activities.

Li et al. (2001) developed a web-based system for supply chain management

employing heuristic method for collaborative decision making. Web-based
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production scheduling introduced by Jia et al. (2002) obtains the optimal schedule
considering different requirements and manufacturing resources distributed at
different locations. Wang and Jawahir (2004) developed web-based, user interactive
expert system for optimization of single-pass milling for the selection of optimum
cutting conditions using genetic algorithms. The system allows user to access
relevant databases and calculate results according to user’s request/ input and
generate HTML documents to send back corresponding information. Wu and Liao
(2005) developed an internet-based machining parameter optimization and
management system using genetic algorithm (GA) for high speed machining
process. Thakur and Pande (2006) developed an internet-based system for feature
modelling and process planning of sheet metal components commonly manufactured
by blanking, shearing and bending processes. In the area of process optimization and
information sharing using web technologies, less numbers of research papers are
available. Zheng et al. (2008) developed a web-based machining parameter selection
system for agile turning which provides user appropriate selection of machine tools,
cutting tools and cutting parameters for reduction in product life cycle cost and
increase in product quality.

Recently, cloud computing has evolved from the web-based technologies. The
cloud computing is a concept of providing computing services and data on demand.
There are four types of models viz., private, community, public, or hybrid is used for
getting/sharing the information via internet cloud. Very recently, the concept of
cloud computing and cloud manufacturing has started gaining popularity. Rimal et
al. (2011) classified architectural requirements into cloud providers, the enterprises
that use the cloud, and cloud users. They also provided the guidelines to software
architects and cloud computing application developers for creating architectures.

Marston et al. (2011) discusses on various issues that will affect the different
stakeholders of cloud computing and also provided key recommendations for the
cloud providers. Similar to cloud computing, cloud manufacturing aims to share
manufacturing resources to make “manufacturing as service” environment. Xu
(2012) discusses the essential requirements of a cloud computing system useful for
software architects and developers to design cloud-based applications. They also

presented different layers viz., manufacturing resource layer, virtual service layer,
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global service layer and application layer of cloud manufacturing system
framework. Considering the availability of cloud computing infrastructure, it is
possible to develop reliable predictive models and carry out the offline optimization
in a cloud. The offline results supplied by the cloud can be fine-tuned at the client
side and feedback can be provided to the cloud. Compared to other types of clouds,
a private cloud is much secure. It can also interact with outside world as per the

requirement.

2.5 Summary and Gaps in Literature

In the literature, soft computing techniques are highly preferred by the researchers
for performance modelling and optimization of machining process. The main
objectives in the optimization of turning, milling and grinding have been
minimization of cost of machining and maximization of production rate. Multi-
objective problems also have been solved. In drilling process, maximization of drill
life and optimization of drill path have been the main objectives.

A number of optimization techniques have been proposed by the researchers to
various machining processes. These are comparable by the accuracy of the result
obtained and computational time needed. All these problems are of offline type and
need a priori machining models. During optimization researchers employ empirical
relations or conduct offline experiments to develop predictive models for predicting
surface roughness, tool life, cutting force, efc. Therefore the application of these
techniques in shop floor involves a number of constraints and has many limitations
in its implementation.

Recently, the use of computer and internet technologies has become popular in
the area of process optimization and information sharing. The applications were
found only in the area of production scheduling and process planning. Very recently,
the concept of cloud computing and cloud manufacturing aims to share
manufacturing resources to make “manufacturing as service” environment. There
are only a few publications are available in this area. Many issues about the cloud
manufacturing are still confusing and need more attention. Therefore the challenging

issues are as follows:
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= In the manufacturing sector, the application of web technology have been
found in the area such as quality modeling, production scheduling, process
planning, etc. However in machining optimization only a few attempts were
made. A web based cloud computing system connecting various clients
facilitate sharing machining related information and avail computing services
under a common platform. The feasibility of developing a cloud computing
system for optimization of machining process needs to be explored.

= The optimized process parameters using conventional and soft computing
techniques have a number of limitations in its implementation. There is a
need to develop an optimization methodology that will optimize the process
online during the production of components. Optimizing the process based
on real machining environment provides reliable optimum parameters. It can
be directly implemented in the shop floor at different locations via web based
system.

» The fuzzy set theory is used mainly in modelling and control problems. Its
application as general optimization tool, particularly for optimizing
machining problem will be very advantageous. It has the ability to handle
uncertain and imprecision data. It can facilitate incorporation of expert
knowledge in the optimization process. The development of fuzzy set based
optimization can emerge as viable alternative to other optimization
techniques. An attempt to develop fuzzy set based online optimization
methodology applicable for cloud based optimization system is essential.

» With the development of modern soft computing techniques the application
of artificial intelligence (AI) have been found in many applications. The Al
based machining optimization learns the complex machining process. It
obtains optimum process parameters during the job production process
predicting better guess as more and more jobs are machined. An attempt in

this direction applicable to cloud based system is felt essential in this thesis.

2.6 Scope and Detailed Objectives of the Present work
Based on the literature survey and to fill the gaps in the literatures the following

scope and objectives are identified:
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1.
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Development of cloud computing frame work: A web enabled cloud
computing system provides computing services and data on demand
connecting different manufacturers globally on wire. The application of
cloud computing in the area of machining optimization is explored in this
work. The major objective of this thesis is to develop a cloud computing
frame work suitable for machining optimization in which clouds support
machining database and computing facilities.

Development of online machining optimization methodology: The
optimization of machining process employing offline techniques has many
limitations in its implementation. Therefore a new machining optimization
methodology, which can hope up with real time machining environment
suitable for cloud computing system is felt very essential.

(a) Development of heuristic based procedure: In this work, a heuristic
based online optimization methodology is aimed to be developed. The
methodology does not use a priori machining models and optimizes the
process online during job production.

The proposed optimization technique is demonstrated with virtual
simulation. A ‘virtual machine’ is developed, which replaces machine tool
available in the shop floor. Coding is written in MATLAB® for the
development of virtual machine and optimization algorithm.

(b) Development of an efficient fuzzy set based machining optimization
strategy: A number of machining optimization techniques based on recent
soft computing method is developed by the researchers. All these problems
are of offline type and need a priori machining models. Therefore in this
thesis, an efficient fuzzy set based online machining optimization strategy is
developed. The procedure acknowledges the presence of statistical variation
in the process and also efficient for the problem with a large number of
design variables.

Development of online learning system in a cloud computing based
machining optimization: The application of soft computing for online
learning of cloud based machining optimization is the final objective of this

thesis. The different modules of the Al system and an online learning
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procedure are aimed to be developed. The online learning procedure is
demonstrated with the help of numerical experiments.

To fulfil above objectives the research plan is drafted and is shown in Figure 2.2
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Figure 2.2. Research plan for development of cloud computing based machining
optimization system

Cloud Computing Based machining Optimization
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Chapter 3
Cloud Computing Frame Work for Optimization

3.1 Introduction

Cloud computing is a new paradigm for hosting and delivering services over
internet. The information distributed at different locations can be accessed and
shared by users anywhere in the world using web tools such as web browsers. The
‘cloud’ in the system supports machining database and computing facilities. The
system is used for sharing the machining related information among the users and
provides optimized parameter. The basic frame work of the cloud computing system
for optimization of machining process is described in this Chapter. The background
of cloud computing is presented in Section 3.2. The optimization of machining
process based on offline and online techniques is described in Section 3.3. The
basics on development of interactive machining system used for online optimization
of machining processes are presented in Section 3.4. The development of cloud
computing system for optimization is discussed in Section 3.5. Finally, a summary is

presented in Section 3.6.

3.2 A Background of Cloud Computing

With the rapid development of computer system and information technology the
data processing, storage and information sharing through internet have become
easier. It makes the computing resources cheaper, more powerful and made
available ubiquitously than ever before. The new technological trend that has
enabled the realization as computing model is called ‘Cloud computing’. The cloud

computing is a concept of providing computing services and data on demand. There
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are many definitions given for cloud computing. The National Institute of Standards
and Technology (Mell and Grance, 2009) defines cloud computing as follows:

“Cloud computing is a model for enabling ubiquitous, convenient,

on-demand network access to a shared pool of configurable

computing resources (e.g., networks, servers, storage, applications,

and services) that can be rapidly provisioned and released with

minimal management efforts or service provider interactions.”

Cloud computing is becoming more and more popular today. Large companies are
gaining their popularity as they share valuable resources in a cost effective way. It
facilitates the user to carryout their computational tasks and retrieve data from the
virtualized cloud.

In the history of cloud computing, in the year 1961, John McCarthy first
proposed the idea of computation being delivered as a public utility. He suggested in
a speech at MIT (Massachusetts Institute of Technology) that computing can be sold
like a utility, like electricity or water. In the year 1999, Salesforce.com started
delivering applications to users through website and this way the dream of
computing sold as utility started in reality. In 2002 Amazon started Amazon Web
Services, providing services like storage, computation and even human intelligence.
The turning point in the evolution of cloud computing came with the arrival of
browser based cloud enterprise applications. Google Apps, Microsoft Windows
Azure, and companies like Oracle and HP have joined in the main stream of cloud
computing (Blaisdell, 2011).

In cloud computing various computing resources viz., hardware, networks,
storage facilities, computing services, and interfaces can be delivered as a service
via internet. Cloud providers host and manage the underlying infrastructure and
offer cloud services to consumers/users. Cloud services include the delivery of
software, infrastructure, and storage over the internet (either as a separate
components or in a complete platform) based on user demand. It allows user to run
the applications and store data online. Cloud computing providers offer services that
can be mainly grouped into three categories: infrastructure as a service (laaS),
software as a service (SaaS), and platform as a service (PaaS) (Tao et al., 2011;

Dillon et al., 2010). These are briefly described as follows:
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Infrastructure as a service (IaaS): In this model, the infrastructure facilities
such as storage and computing capabilities (high performance servers) are
provided as a service. These services are offered on a pay-as-you-go/use
basis. The consumers of laa$ are usually engineers and mangers, who need

access to these computing resources.

Software as a service (SaaS): In this model, the application and software are
offered as a service. The application running on the cloud can be accessed by
the user on payable basis. The user does not require installing and running
the application on the computer. In the traditional system user buys licensed
software and gains ownership for its maintenance and installation whereas
SaaS$ is cost effective and gives significant advantage to the user. The
examples are the applications such as e-mail, Facebook, and Twitter as

people use everyday.

Platform as a service (PaaS): In this model the platform is provided as a
service. This includes the cloud infrastructure such as network, servers and
operating systems. These are used for the development and deployment of
applications. The main difference between SaaS and PaasS is that SaaS only
hosts completed cloud applications whereas PaaS offers a development
platform that hosts both completed and in-progress cloud applications. This
requires PaaS to possess development infrastructure including programming
environment, tools, and configuration management in addition to supporting
application hosting environment. Microsoft windows Azure Platform
Services, Google Applications, and Amazon’s Relational Database Services

are some of examples of PaaS.

However the cloud services are not limited. Depending on the applications, the

cloud providers have specific services such as Data storage as a Service (DaaS),

Design as a Service (DaaS), Manufacturing as a Service (MFGaaS),

Experimentation as a Service (EaaS), and so on.

TH-1234_07610308
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3.2.1 Cloud Deployment Models
The cloud infrastructure can be owned by a private organization, a group of
organizations, or the public. The following are four cloud deployment models
defined by the cloud community:
= Private cloud: “The cloud infrastructure is operated solely for an
organization. It may be operated by the organization or a third party and may
exist on premise or off premise.”
= Community cloud: “The cloud infrastructure is shared by several
organizations and supports a specific community that has shared concerns. It
may be managed by the organizations or a third party and may exist on

premise or off premise.”

= Public cloud. “The cloud infrastructure is made available to the general
public or a large industry group and is owned by an organization selling

cloud services.”

= Hybrid cloud. “The cloud infrastructure is a composition of two or more
clouds (private, community, or public) that remain unique entities but are
bound together by standardized or proprietary technology that enables data

and application portability.”

3.2.2 Cloud Security

In cloud computing data security is one of the main issues. All data belonging to
user are stored on an external server. When the cloud computing runs on the
internet, it is vulnerable to some security threats from hackers. Usually, the cloud
provider should assure that their infrastructure is secure and that their clients’ data
and applications are protected. The customer must ensure that the cloud provider has
taken proper security measures to protect the information. Researchers have
analyzed security aspects of the cloud and suggested suitable measures to counter
security threats. Rosenthal er al. (2010) suggested selective application of cloud
such that highly confidential data are not put on the web, while other type of data is

placed on the web cloud. Jamil and Zaki (2011) suggested forming private cloud for
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selective data, which can interact with other types of clouds through a secure bridge
with firewall.

Mostly, security threats are related with public cloud system. Some of the
security measures include (i) adding authentication layers, (ii) streamlining logging
and monitoring, (iii) identifying/selecting right application for the public cloud and
(iv) evaluating the security measure time to time. Zissis and Lekkas (2012) proposed
introducing a trusted third party, tasked with assuring specific security issues within

a cloud environment.

3.2.3 Advantages and Disadvantages of Cloud Computing
There are many advantages of using cloud computing. The computing resources and
data provided through the cloud will benefit all types of business, if used properly.

The following are some of the benefits of cloud computing (Jamil and Zaki, 2011):

= Cloud computing is cost effective to use, maintain and upgrade. The cost of
traditional desktop software and operating system increases with number of
licenses needed. On the other hand cloud computing is available at cheaper

rate with an option as one-time-payment, pay-as-you-go/use, and so on.

= Cloud computing can be accessed from anywhere through internet/intranet

connection and it is highly automated.

= Backup and recovery of stored information is easier compared to any other

physical storage.

= The user is no longer tied up with any specific computer system so as to use

software of particular version and updating is not necessary.

There are some limitations of the cloud computing. Payment of fee for using cloud
computing applications is needed. For storing data proper care needs to be taken in
order to avoid replication of data stored across multiple machines. The internet

connectivity should always be made available for cloud applications, failing which,
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the accessing own documents would not be possible sometimes. When user system
interfaces with cloud for data transfer, the documents need to be sent back and forth

between the systems. It requires high speed internet connection for speed operation.

3.3 Machining Optimization

The success of the manufacturing process depends upon the selection of appropriate
process parameters. It is very important for metal cutting industries since it has
significant contribution to the overall cost of the product. Modelling and
optimization of process parameters is usually a difficult task since it needs to
consider the number of aspects. It requires (i) knowledge of manufacturing process,
(ii) empirical equations to develop realistic constraints, (iii) specification of machine
capabilities, (iv) development of an effective optimization criterion, and (v)
knowledge of mathematical and numerical optimization techniques. Optimization
aims to obtain optimal combination of cutting parameters (i.e., cutting speed, feed,
and depth of cut) for one or more economic objectives satisfying the constraints. It is
one of the most widely researched topics in the area of machining process
(Aggarwal and Singh, 2005; Mukherjee and Ray, 2006). Maximization of
production rate, minimization of cost, maximization of surface finish, etc., are some
of the objectives. Bounds of process parameters, cutting force, tool life, efc., are
various constraints for optimization (Dixit and Dixit, 2008; Rao, 2011). The typical
problem formulation is to either minimize or maximize the objective function
subjected to a set of constraints. Different process variables are the constrained to

the maximum and minimum limits. The formulation is as follows:

Minimize/Maximize Z=f (v, f, d) (3.1)
Subject to,
R, <R,<R, (Surface roughness constraint) (3.2)
F,. <F<F, (Cutting force constraint) (3.3)
T. <T<T,  (Toollife constraint) (3.4)

The variable bounds are

Viin SVEVY

(3.5)

max ’
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fmin ngfmax’ (36)
d_<d<d (3.7)

where v, f, d, F, T, and R, are cutting speed, feed, depth of cut, cutting force, tool
life, and surface roughness, respectively. The machining optimization problem is
highly nonlinear and complex to solve. Many traditional and non traditional
optimization techniques were used for finding the optimal cutting parameters for
single or multi pass machining problems.

Optimization of single pass machining has been attempted in early works. In
manufacturing industries, multipass machining is widely used than single-pass
machining. It involves a number of rough cuts and a final finish cut. The highest
possible metal removal is aimed in rough passes, where surface finish is not an
important consideration. However, in finish process, surface finish is the most
important consideration. Among the conventional machining processes, in this work
the attention has been paid to two commonly used processes—turning and milling.
Turning is used for producing axisymmetric components and milling for producing
flat or curved surfaces and prismatic shapes. These processes are performed by
conventional and computer numerical control (CNC) machine tools. The traditional
methods such as graphical techniques, constrained optimization strategy, dynamic
programming, branch and bound algorithm, efc., either result in local minima, or
take long time to converge (Lambert and Walvekar, 1978; Shin and Joo, 1992;
Gupta, et al.,, 1995). In recent past, the researchers have used soft computing
techniques as they are being preferred to physics-based models in predicting the
performance of machining processes with the use of neural network (NN) and fuzzy
logic (FL) and optimizing them with the use of genetic algorithm (GA), simulated
annealing (SA), particle swarm optimization (PSO), and ant colony optimization
(ACO) (Wang and Jawahir, 2005; Vijayakumar, et al., 2003; Ojha, et al., 2009).

The optimization problem is formulated and parameters are optimized using
suitable optimization techniques. The prediction of surface roughness, tool life,
cutting force, efc., for a particular cutting condition is obtained by evaluation. Due to
high complexity involved in machining, the modelling and evaluation of these

parameters is difficult but it is necessary for proper optimization of the process.
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Based on optimization procedure it is broadly classified into two categories viz.,

offline optimization and online optimization.

3.3.1 Offline Optimization
In offline optimization, the formulated optimization problem is solved with
appropriate optimization techniques in offline mode. The obtained optimum
parameters are used for machining the components. During optimization the
different parameters such as surface roughness, tool life, and cutting force are
obtained using empirical relations or with the use of predictive modelling. Most of
the researchers have taken either the empirical surface roughness relation or the
ideal surface roughness formula based on geometric consideration as given by

R = /- ,

32R

(3.8)

where R, is the centre line average (CLA) surface roughness value in pm, fis the
feed in mm/rev and R is the tool nose radius in mm. This assumes that only nose
portion of the tool is making contact with workpiece and it is not valid when the
feed is more than nose radius. For the determination of tool life most of the
researchers have used extended Taylor’s tool life formula,

vI?fid" =C' (3.9)
where v is the cutting speed in m/min, 7 is the tool life in minutes, d is the depth of
cut in mm and p, g, r and C' are the constants for a particular tool and work
material combination. However, homogeneity of tool and work material and stability
of machine tool have significant effects on tool life. Similarly, cutting force and tool
wear are also predicted as functions of cutting process parameters.

As a result of this the optimal cutting parameters obtained by offline
optimization need to be fine tuned online. Although the research on the optimization
of machining process started since about 60 years back with the pioneering work of
Gilbert (1950), there is hardly any paper that demonstrates implementation of
optimization techniques in the shop floor. The main reasons are as follows:

= For solving the optimization problem offline, the functional relationship
between the tool life and cutting process parameters must be known. Often

this information is not available due to requirement of extensive tests.
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= In the constrained optimization, dependence of process parameters on tool
life, cutting force, cutting power efc. is usually not available.
= The results of offline optimization need to be fine tuned online depending on
the rigidity of machine tool, deviation in the properties of material and a
number of random causes.
Therefore, there is a need for appropriate optimization technique that optimizes the

process by its direct implementation in the shop floor.

3.3.2 Online Optimization

Online optimization is a posteriori optimization. The selection of machining
parameters is based on the feedback obtained from the machining process. There are
some differences in the perception of word “online”. Some researchers consider
online optimization as an automatic and continuous adjustment of the cutting
parameters without human intervention and process interruption for obtaining the
best possible machining performance. In a broader sense the word “online
optimization” mean the optimization by a human or machine operator in real-time
(i.e., during actual production) by taking the shop floor feedback either through
sensors or human sense organs (Dixit et al., 2012). Thus, online optimization need
not be automatic. It is different from offline optimization in the sense that offline
optimization uses machining process models, like cutting force model, tool wear
model, surface roughness model, efc. based on a priori knowledge gathered from
offline experiments.

In the present work, a generalized heuristic based online optimization of
machining process is developed. The scheme first suggests an initial cutting
condition and machining is performed. Based on machining feed back, the cutting
condition is modified to improve the machining performance. The procedure is
continued till optimum cutting parameters are obtained. The scheme does not
employ any empirical relations or predictive modelling for the evaluation of cutting
force (F), surface roughness (R,), and tool life (7). The proposed heuristic based
online optimization scheme cope up with real time machining environment and can
be directly implemented in the shop floor. The heuristic procedure for the online

optimization is described in detail in Chapter 4. The proposed methodology has
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potential to consider statistical variation in prediction and optimization of the
machining process, which is not considered in most of the offline optimization
techniques available in the literature. Figure 3.1 shows proposed scheme of online
optimization.

The strategy mimics the behaviour of a common machine tool operator in the
shop floor. The most common practice followed in a machine shop is as follows.
The operator makes a suitable guess for the process parameters, carries out the
machining and fine tunes the process parameters by observing the machining
performance. In the process, operator’s knowledge about the process gets
strengthened that helps him/her in arriving at the better guess in the next situation.

The proposed methodology is suitable for any work material and tool material

combination.
A -
Suggest initial
cutting conditions
(v/.d) Modified/
improved cutting
conditions
Inplut. R_measurement
machining a
informations 2 Real life
data
—
Cutting force
measurement

Data Storage )
INTERACTIVE BASED
ONLINE OPTIMIZATION SYSTEM t
(MATLAB-GUI)
Tool life data

Figure 3.1. Online optimization scheme

The following are the benefits of online machining optimization strategy:
= In the proposed optimization process the surface roughness and tool life are
directly obtained from machining process.

= The optimization strategy does not require any offline experimentation.

66
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= The data generated during online machining optimization can be used for
online learning of the process.
= The actual surface roughness and tool life can be used for building predictive
models.
The shop floor implementation of the proposed online optimization procedure is
made easier with the development of an interactive machining system. The details

for development of an interactive menu are presented in the next section.

3.4 Development of an Interactive Menu
The online optimization of machining process is implemented through the
development of interactive menu (screen) design. It facilitates the machine tool
operator/user to easily interact with the system. A number of interactive screens are
designed, through which the user inputs machining informations and obtains cutting
conditions. The operator performs the machining process as per instructions
displayed on the screen and inputs the machining feed back such as actual surface
roughness, tool life, and cutting force into the system. Based on the inputted real life
machining information the system provides improved cutting conditions suggested
by online optimization algorithm. Thus the process is optimized through interactive
session between the operator and the system. The optimum cutting parameters are
evaluated and displayed on the system screen. The operator does not require
performing any computation for the same.

The interactive screens are designed for inputting the machining information in
the appropriate windows and push buttons are provided for the operator to proceed
from one screen to the next. MATLAB® (R2010 a) Graphical User Interface (GUI)

is used to develop the interactive screen system.

3.4.1 GUI: A Pictorial Interface Program

A graphical user interface of MATLAB® is a pictorial interface program. It provides
the user to develop an easy interactive menu driven system. The environment
contains static text, edit text, pop-up menu, push buttons, efc. which is very familiar
to the user and can be operated with mouse click. In this work, GUI of MATLAB®

(R2010a) is used. GUI is created using a tool called ‘guide’. This tool allows
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displaying GUI layout and permitting for selecting and aligning the GUI

components to be placed on it. Once the components are in place, its properties such

as name, colour, size, font, text to display, etc. are edited.

When ‘guide’ is saved it creates working program including skeleton functions

that can be modified whenever required. Figure 3.2 shows the layout editor showing

different elements of GUIL

The use of different elements of GUI in menu development is as follows:

= The large white area with grid lines is the layout area, where a programmer

can layout the GUI components.

= The layout editor window has a palate of GUI components along the left side
of the layout area. A user can create any number of GUI components by first
clicking on the desired components (icons), and then dragging its outline in

the layout area.

The basic steps required to create the interactive screen is as follows:
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Figure 3.2. Layout editor window of MATLAB® GUI

GUI components, add menus to GUIs, and so on.

The top of the window has a toolbar with a series of useful tools that allow

the user to distribute and align GUI components, modify the properties of
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Step 1: First decide the different GUI components needed to create an interactive

screen.

Step 2: Layout the components on a figure using ‘guide’ tool. Adjust the size,

alignment and spacing of the components on the figure using ‘property inspector’.

Step 3: Finally save the figure to a file. When the figure is saved, two files will be
created with same file name, but one having extension as .fig and other as .m. The
M-file contains the code to load the figure and display GUI screen.

Step 4: Extend the M-file code to implement the behavior associated with each

callback function.

For displaying text
information

Static Text

For data
input

Edit Text -

/ Pop-up Menu -

4 For mouse

clicking

For selection
among the

\ options available

Figure 3.3. GUI screen with different components

Figure 3.3 shows a GUI screen consisting of various buttons (MATLAB® GUI
components) used for different purpose of data entry/display. ‘Static text’ is used for
displaying instruction to the user and ‘edit text’ is used for acceptance of data such
as work material diameter, machining length, efc. ‘Pop-up menu’ help the user for
quick selection of work material and tool material used for machining. ‘Push button’
to facilitate mouse click allows the user to move on to previous or next screen in the

system.
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3.4.2 Development of an Interactive Screen for Online Machining Optimization
In order to develop interactive screens in GUI, the required informations that are
needed to be displayed or accepted is created using the appropriate GUI elements
along with its desirable properties. Figure 3.4 shows the GUI figure of an interactive
screen in development stage.

The complete form of interactive screens is presented in subsequent section.
The development of this figure in GUI creates the corresponding program code and

it is as follows:

‘Static text’ for

text display
) Main_Scr g,

ONLINE MACHINING OPTIMIZATION

@'v

PRESS

Z‘Push Button’

for mouse click

Figure 3.4. An interactive screen prepared in GUI

function varargout = Main_Scr (varargin)

gui_Singleton = 1;

gui_State = struct ('gui_Name', mfilename,
'gui_Singleton', gui_Singleton,
'gui_OpeningFcn', @Main_Scr_OpeningFcn,
'gui_OutputFcn', @Main_Scr_OutputFcn,
'gui_LayoutFcn', [1 .,
'gui_Callback', [1);

if nargin && ischar (varargin{l})

gui_State.gui_Callback = str2func(varargin{l});
end

if nargout

[varargout{l:nargout}] = gui_mainfcn(gui_State, varargin{:});
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else
gui_mainfcn (gui_State, varargin{:});
end
function Main_Scr_OpeningFcn (hObject, eventdata, handles, varargin)
handles.output = hObiject;
guidata (hObject, handles);

function varargout = Main_Scr_OutputFcn (hObject, eventdata, handles)
varargout{l} = handles.output;

function pushbuttonl_Callback (hObject, eventdata, handles)

In this work the developed interactive machining scheme is operated in a user
friendly manner. The scheme is developed with menu driven screens in which the
machine tool operator/user interacts with the system for inputting and obtaining

information and so as to optimize the process online.

3.5 Cloud Computing Based Optimization and Database (CCBOD)

The cloud computing based optimization system is a web system having a web
server integrated with database that connects different clients via internet/Intranet
for accessing and sharing informations. The cloud supports machining database and

computing facilities. The physical setup of CCBOD is shown in Figure 3.5.

Retrieval of optimum
parameters and feed back

Cloud Computing

_______ii
g | S — =
Xz = = “
Machining /= Online optimization
database { . of Milling process

-Web server

Online optimization
" =—n .
[" p— ] of Turning process
Retrieval of optimum
parameters and feed back

Figure 3.5. Structure of the CCBOD system
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The server which hosts the CCBOD system has been configured to run in
Windows environment and use ‘Apache’ web server. The Apache is an open-source
web server platform developed by Apache Software Foundation (Apache guide,
2011). The web server, the online optimization system, the machining database,
retrieval and sharing of information and the clients are various components of
CCBOD. Being the central link, the client interfaces web server via internet/intranet
by typing the internet protocol (IP) address. Every web server has an IP address
known as domain name. Entering the uniform resource location (URL), the client’s
internet browser sends request to the web server and the server then fetches the page
and sends it to the client browser to establish remote link via internet. Figure 3.6

shows the home/main page of the proposed CCBOD developed in this thesis.

WEB BASED OPTIMIZATION AND DATABASE
SYSTEM

S5 )] For Grinding Proces

Figure 3.6. Home page of CCBOD system

3.5.1 Communication Structure of CCBOD

The developed cloud based system used for machining optimization is based on the
internet. The system has ‘client-server’ architecture. In this, both the client programs
and the server (administrator) programs are preserved in the server side. However,
the client can automatically download informations connecting via web browser.
The system uses HTML, CSS and PHP scripts for clients/users to interact with the
system. Figure 3.7 visualize the communication structure, describing the different

feature of the CCBOD system.
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The user-interactive online optimization of multipass machining scheme is

coded in MATLAB® with GUI. User can browse the system for implementation at

their location and submit feedback data. The informations are stored in a database

server, which can be accessed by the user. The various features of developed

CCBOD system are as follows:

TH-1234_07610308

The web-enabled feature helps for accessing and sharing information among

the users located at anywhere in the globe via web browsers.

Online optimization
system
(Matlab-GUI)

+ User interactive optimization

pe Optimization Module
Y
4

Cliente netface Database Management
(MysaL)
i Us(gr"rmlp-)jt PHP) l—.p* Receive data through 4
i online optimization
: gﬁgumlftvfl:;:jmt?ack + Store data in database
+ Supply data on request

/

Server
(HTML & PHP)
+ Handles client requests
+ Retrieve data from
database

Figure 3.7. Communication structure of CCBOD system

The proposed online optimization scheme suggests cutting conditions for
shop floor machine tool operator, accepts feedback, and optimizes the

machining process during the production of components.

The cloud supports machining database and computing facilities. The
database enriched with real machining datasets obtained by online machining
optimization. The user can get data as well as computational service on

demand.

The main server also provides the optimized process parameters on demand
to various clients. The clients can use the optimized data and fine-tune them

if necessary.
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= The system has advantage of open access, applicable to optimization of
different process, and simplified interactive access and provides opportunity

for sharing the process data information among different manufacturers.

3.5.2 Components of CCBOD
The different components and its functions of the proposed CCBOD system are

discussed here.

3.5.2.1 Web Server

Web server is a computer program that runs on a computer system to deliver web
pages on request. In the present work, an intranet web server with domain name
202.140.80.14 is used. The main/home page of CCBOD is named as home.html. If
http://202.140.80.14/home.html is entered in URL of the client’s browser, it sends a

request to the web server. The server then fetches the home page and sends it to the
client’s browser. The server which hosts the CCBOD has been configured to run in

Windows environment and use ‘Apache’ web server

3.5.2.2 Online Machining Optimization System

Online machining optimization is the core part of the CCBOD. It is an interactive
computer program coded in MATLAB® (R2010a) with GUI and is used to perform
online optimization of different machining process. While accessing CCBOD
system the user can download ‘online_optimization.exe’ file in their system. It is
used for optimizing the machining at their location. Figure 3.8 shows the flowchart
describing how to use online optimization system of CCBOD.

The user communicates with the system through interactive screens designed
for inputting and accepting the informations. Initially, the user enters the system and
inputs machining informations such as process, work material type, tool material,
work/cutter diameter, machining length, depth of machining, and maximum
allowable surface roughness. The system suggests initial cutting conditions to be

selected.
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Client/user enters IP address of CCBOD
in URL using web browser

Y
Main page of CCBOD
appears on client system

A
User download ‘online optimization
.exe’ and run

A
First page of online optimization
system appear on user system

User enter ‘machining informations’ and
‘constraints’ of the process to be optimized

h
System suggests cutting conditions (Spindle
speed, feed, depth of cut) to be selected

A
Machining is performed. Actual surface
roughness, cutting force, tool life are obtained

CCBOD
database

Enter real machining dataset
into the system

!

Optimization is initiated on generation
of required datasets.

Y
Iterative cutting conditions are suggested
and machining is preformed

!

lterative datasets
are stored

Y

Optimum parameter is reached

End

Figure 3.8. Flowchart for using online optimization system of CCBOD

75
TH-1234_07610308



Cloud Computing Based Machining Optimization

The user implements it and the machining feed back viz., actual surface
roughness, cutting force and tool life from real machining environment is entered
into the system. Based on feedback received the system suggests improved cutting
conditions and thereby the machining process is optimized online. The developed
interactive based online optimization system is user friendly. The user does not
require performing any computation and being aware of the heuristic algorithm for
selection of different cutting conditions.

The user communicates with the system through interactive screens designed
for inputting and accepting the informations. Initially, the user enters the system and
inputs machining informations such as process, work material type, tool material,
work/cutter diameter, machining length, depth of machining, and maximum
allowable surface roughness. The system suggests initial cutting conditions to be
selected. The user implements it and the machining feed back viz., actual surface
roughness, cutting force and tool life from real machining environment is inputted
into the system. Based on feedback received the system suggests improved cutting
conditions and thereby the machining process is optimized online. The developed
interactive based online optimization system is user friendly. The user does not
require to perform any computation and to be aware of the heuristic algorithm for

selection of different cutting conditions.

3.5.2.3. Machining Database
The database consists of organized data structures that store the informations which
can be accessed as and when required. The online machining information of
different machining processes contributed by the clients is stored process wise in a
separate database. CCBOD stores this information and maintains the same on server
side. Four databases one for each process viz., turning, end milling, face milling, and
grinding are created for storing information such as cutting parameters and
corresponding performance measures i.e., actual surface roughness, cutting force,
tool life, and function value. In this work, MySQL database system is used for
storing data on the web.

MySQL is an acronym for My Structured Query Language (SQL) and it is a

relational database system used to store information in the web applications. It is
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free and open software that works on different platforms such as Microsoft
windows, Linux, Unix Ware, Solaris, efc. It allows creating a relational database
structure on a web-server in order to store data or automate the procedures. The data
is stored as database objects called ‘tables’. The structure of the table consists of
different field variables, its type, and extra features such as auto-increment and
primary key used for indexing the datasets. A row consisting number of fields
termed as ‘record’ and a database file have many such records. The CCBOD system
database maintains eight tables (also known as files):
(i) Four tables viz., db_turning, db_endmilling, db_facemilling and
db_grinding for storing online machining informations
(ii)) Four tables viz., fb_turning, fb_endmilling, fb_facemilling, and
fb_grinding for storing feed back information.
The clients contribute this information to the database, which is maintained by the
server. These records can be indexed with ‘prime_key’. It is one of the fields of

database structure.

3.5.2.4 Retrieval of Optimum Cutting Parameters and Feedback

The web-based implementation allows the users to access database information. For
retrieval and display of information at client screen HTML coding are written in the
PHP scripting language. PHP is an open source of HTML scripting language
commonly used for web development. It is used in this work as it can run on many
different operating systems and web browsers. It is used to fetch the information
from the respective database for display on the browser screen. It supports many
data bases viz., MySQL, Sybase, Solid, Postgre SQL, efc. A PHP file has a .php
extension and normally contains HTML tags and PHP scripting code. The code
starts and ends with HTML tags as <hfml> and <html> respectively. Similarly
PHP script begins with <?php and ends with ?> and each line of PHP code ends
with semicolon (;). The PHP uses two basic statement viz., echo and print to output
text. The following is an example PHP script that sends the text "WEB BASED
OPTIMIZATION AND DATABASE SYSTEM?” back to the browser.
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<html>

<body>

<?php

echo "WEB BASED OPTIMIZATON AND DATABASE SYSTEM";
?>

</body>

</html>

The variables are also used in PHP to hold numerical values or words. It is identified
with § sign such as $data, $db, etc. The conditional execution of certain coding uses
logical statements such as if...else, if...elseif......else, and switch statements. For
example, if...else statement executes some code if logical condition is true/satisfied

and executes another code if the condition is false.

<html>
<body>
<?php
if (Sresult=mysqli_query ($db, "select sno,v,f,d,Ra,T,FUN from
tablel”))
{
while (S$datal=mysqli_fetch object (Sresult))
{
if(($datal->Ra<0.96*$ra) && ($datal->Ra>0.64*$ra))
{
if ($min>$datal->Ra)
{
$min=$Sdatal->Ra;
$s=8datal->sno;
}
}
}
2>
</body>
</html>

The above coding is used to fetch data from MySQL database to retrieve optimum
cutting parameters (v, f, d) that have minimum function value (FUN) satisfying the

limits of allowable surface roughness value (R,).

78
TH-1234_07610308



Cloud Computing Frame Work for Optimization

3.5.2.5 Clients
The client and server are two parts of the CCBOD system. In a web based system,
these are two distinct machines. A client or user is one who connects with the
system from remote location for seeking information. The user is browser based thin
client. They generally do not require any software installation and it is available
across platforms. However MATLAB® (R2010 a) is required for the operation of
online optimization system. The minimal hardware requirement includes a local
computer with internet connectivity having web browser for accessing CCBOD
system. The users input data and obtain outputs through keyboard and monitor
display, respectively. The operational speed depends upon bandwidth available. The
following are hardware requirement for client system.
¢ Processor: Minimum 1.0 GHz Intel or AMD (Advanced Micro Devices) 32
bit Processor
¢ Memory: 1 GB minimum
¢ Disk: 4 GB minimum (recommended)
¢ Operating System : Windows XP Professional, Windows Vista, or
Windows 7
¢ Monitor: 17” at 1024X768 resolution
¢  Mouse: PS/2 or USB Mouse
¢ Network Connectivity: 56 kb Modem (for dial-up) or Ethernet Network
Adapter (for cable model, DSL, etc.)
¢  Wireless Network Connectivity:: Wi-Fi Certified 802.11a/b/g/n Wireless
Network Adapter (laptop only)
¢ External Ports: USB 2.0

¢  Web Browser: (Mozilla Firefox recommended)

3.5.3 System Information Flow

The data/information flow in CCBOD is in two different levels. Figure 3.9 shows
data flow diagram (DFD) at zero level. It depicts that clients/users interact with
CCBOD. Initially user enters the URL of the website to enter into the system and

accesses the information being transacted by the developed system.
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Figure 3.10. DFD level 1

The next level is level 1. Figure 3.10 shows the data flow diagram of the level

1 and it has three main functions. They are i) online machining optimization system,
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ii) retrieval of database information, and iii) retrieval of optimum cutting parameters
and user feedback about the same. In online machining optimization the user enters
the system and inputs machining informations of the process to be optimized. The
system suggests initial cutting conditions (cutting speed, feed, and depth of cut) to
be used. The user implements the data on machining and obtains actual output data
viz., actual surface roughness and tool life. The system accepts the machining feed
back and suggests improved cutting conditions, thus optimizing process online
through interactive session between user and the system. The procedure is similar to
the common practice followed by machine tool operator who fine tunes the cutting
parameters based on his experience as well as observation of machining
performance. The data obtained by real machining process is stored in a database
called ‘machining database’.

The second function is retrieval of information from database. On specifying
the name of the process the real machining information stored on particular database
can be retrieved by the user. The information is displayed on the user screen and can
be downloaded and saved into the file. The third function is retrieval of optimum
cutting parameters. On selecting the process name (i.e., turning, end milling, face
milling, and grinding) and entering data (i.e., total depth of stock to be removed,
maximum allowable surface roughness), the system will fetch the optimum process
parameters for rough and finish machining processes. The information will be
displayed on user screen and user can implement the data on machining. The system
also accepts the machining feed back and stores in separate database tables. The
machining data obtained from different users/machine tool operators stored in the
database helps to develop predictive model and understand probabilistic nature of
the machining process. Based on data received from different clients the CCBOD
machining database update its informations through cloud computing feature

performed at server.

3.5.4 Obtaining the Optimized Parameters from Cloud
The CCBOD system has a feature for retrieval of the data values fetched from
respective database and displayed at client’s system. The system also accepts

client’s inquiry and provides updated database information through server
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calculation and display optimum cutting parameters for specific machining process.
The HTML page will be displayed based on user option on the main page for
inputting the information such as total depth of stock to be removed and maximum
allowable surface roughness. The web server executes the entered information and
retrieves data and submits the result to the browser in the form of HTML, which
appears in the client’s system screen. The database is maintained by administrator
for necessary updating and deletion of the database information. It is carried out at
web server using structured query language (SQL) statement.

Figure 3.11 shows the coordinated working pages and HTML frame sheet of
the developed system. The system manages the process through the front-end
screens made up of HTML, cascading style sheets (CSS), Javascript and PHP
codings. This provides an interface between the database and users to perform

various functions.

php page

Retrieve Data

—>
Upload data
Retrieve OPTIMUM
Home page parameters |
Main page

For turning
process

For end milling
process

For face milling
process

For grinding

process

Figure 3.11. Functional working pages of CCBOD system
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Figure 3.12. XAMPP control panel
The server uses XAMPP, which is a cross-platform software consisting of the
Apache web server, MySQL, PHP and Perl. Figure 3.12 shows typical screen shot of
the XAMPP control panel application in the process.

3.5.5 Probabilistic Approach for Obtaining Optimum Parameter

The optimum process parameters are evaluated by the system for total depth of stock
to be removed and maximum allowable surface roughness. It uses real machining
data sets provided by different clients through online optimization. These
informations are stored in CCBOD database and different clients may
access/retrieve the optimum process parameters. Also the clients may implement
these parameters for machining and submit the feed back informations such as actual
surface roughness and tool life. Consider the feed back received for tool life from
different clients. Based on feed back the optimization parameters have to be found
with probabilistic input.

In this work a probabilistic approach of evaluating optimum process parameter
is proposed. Let the tool life is the function of process parameters as 7(f, v). For the
given tool life function as 7(f, v), the cost per piece is C(f, v), a function of feed f and
cutting speed v. Consider n (= n;+n2) number of machine tool operators predicts tool
life for optimum cutting parameters.

The tool life function predicted by n; machines = T'(f, v)
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The probability of tool life function p,=n;/n

The tool life function predicted by n; machines = T»(f, v)

The probability of tool life function p,= ny/n
The cost per piece by n; machines that follows tool life function as Ti(f, v) = Ci(f, v)
The cost per piece by n, machines that follows tool life function as T»(f, v) = Cx(f, v)
Thus, based on the mathematical expectation, the expression for the cost per piece is

given as
C(f.v)=piC(f )+ prCa(f.v) (3.10)

The above expression can be minimized to obtain the minimum cost of machining.
Once sufficient amount of data is available, the discrete probabilities can be

replaced by the probability distribution of tool life. Let p(f, v) be the probability

distribution of tool life and Cy (f,v,T(f,v)) denotes the cost per piece function for

a tool life 7. Based on mathematical expectation, the cost per piece is given as

Toax (V)
C(fv= [  Cp(fvT(f,m)p(f AT (3.11)
Tmin(f’v)

where Thin (f, v) and Thax (f, v) are the minimum at a maximum tool life at process
parameters f and v. The above expression can be minimized by any optimization
method. In this work, because of scarcity of data and to preserve simplicity, the
discrete model has been used. The approach is demonstrated with examples in

Section 5.5.

3.5.6 Online Fine Tuning and Sending Feedback
The adoption of cloud computing feature helps to optimize different machining
processes. An online optimization methodology is accessed via web/internet or
intranet technologies and applied to turning, end milling, face milling and grinding
processes. The machining feedback is sent to the server through clouds. The real
machining data provided by different clients/users are stored in database server. The
information is fine tuned and provides useful data to users through cloud services.
The clients at different locations access online optimization system through

web browsers and operate at their locations for optimization of machining process.
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The presentation layer, viz., GUI facilitates easy interaction with the system by the
machine tool operator. On entering basic informations such as name of the
machining process, tool and work material, work or cutter diameter, length of
machining, total depth of stock to be removed, maximum allowable cutting force,
maximum allowable surface roughness and limits of cutting parameters, the system
suggests the suitable initial cutting conditions for rough machining. The result of
machining process such as actual cutting force and surface roughness are fed back
into the system. Based on this information improved cutting conditions are
suggested and the process is optimized for roughing as well as finishing process
during production of components.

In optimizing multipass machining process the cutting parameters for rough
and finish machining process are optimized. On rough machining at selected cutting
condition, if the actual cutting force is within the maximum allowable value,
machining is continued to produce components and tool life data is obtained. During
finish machining the process is continued if the selected cutting condition satisfies
cutting force constraint and the actual surface roughness falls within the limits. The
data cloud obtained for different cutting conditions and from different machine tool
operators helps to develop predictive tool life model which is used for optimization.
Considering tool life variation due to its probabilistic nature the production cost per
piece is evaluated. The system suggests improved cutting conditions and obtains
feedback. The process is optimized at the server using suitable optimization
technique. The user can access the information for necessary implementation at their

location.

3.6 Summary

In this Chapter, an overview of the proposed cloud computing based optimization is
discussed. Brief background of cloud computing system describing various
deployment models, cloud security and advantages and disadvantages are presented.
Next, the background of machining optimization for optimizing the process
parameters employing offline and online procedure is discussed. The basics for
development of menu based interactive system for implementation of online

optimization system are described. In an interactive machining the machine tool
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operator/user interacts with a menu driven system for optimizing the machining
process in online and also send their feedbacks.

Next, the developed web based CCBOD system is described. The web
implementation and overall communication structure among various components is
presented. The different components of CCBOD viz. web server, the online
optimization system, the machining database, retrieval and sharing of information
and the clients are described. The developed CCBOD is implemented with client-
server architecture. The graphical representation of data flow diagram of CCBOD is
also presented. The system has a feature for retrieval of the data values fetched from
respective database and displayed at client’s system. The different working pages
and HTML frame sheet of the developed system is presented. It provides an
interface to users through the front-end screens made up of HTML, cascading style
sheets (CSS), Javascript and PHP codings.

Based on feed back the optimization parameters received from different clients
have found with probabilistic input. Therefore a new probabilistic based approach is
proposed for evaluating the optimum process parameters. The methodology of
online fine tuning of process parameters and sending feedback is discussed. The real
machining data provided by different clients/users are stored in database server. The

information is fine tuned and provides useful data to users through cloud services.
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Chapter 4

Heuristic Based Online Optimization with Cloud

4.1 Introduction

The optimization of machining process aims to obtain optimum cutting parameters
for economic manufacturing of the product. Researchers have used a number of
traditional and non-traditional optimization techniques for obtaining optimum
parameters in single and multipass machining processes. The results of conventional
offline optimization have many limitations and need to be fine tuned in the shop
floor depending on the rigidity of machine tool, deviation in the properties of
material and a number of random causes. In this thesis, a heuristic based online
optimization methodology has been developed that optimizes the process during
production of jobs. The heuristic knowledge can efficiently control non-linear
optimization procedure for obtaining optimum cutting parameters. The strategy does
not require a priori machining models. It obtains reliable optimum cutting
parameters by its direct implementation. The procedure may be implemented in any
remotely connected machine tool via internet for optimizing machining process.

A virtual machine is designed to test the effectiveness of the optimization
model and minimize the number of physical experiments. For given values of input
parameters the virtual machine produces the actual outputs. The developed online
optimization procedure is demonstrated for optimizing finish turning process. A
number of test problems are solved. The procedure is also applied for optimizing
multipass turning process. The optimum cutting velocity and feed are obtained for
roughing and finishing processes. Illustrative examples are presented.

In this Chapter, Section 4.2 describes the design of a virtual machine. In
Section 4.3, a heuristic online machining optimization for cloud computing system

is presented. The optimization procedure is demonstrated for optimization of finish
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and multipass turning process. Illustrative examples for finish and multipass turning
process are presented in Section 4.4. The summary of the Chapter is presented in

Section 4.5

4.2 Design of Virtual Machine

A virtual machine is a simulation of a real machine. It is used to carry out the
machining experiments through simulated results. This reduces the number of
physical experiments by saving time needed for conducting experiments as well as
material cost. For given inputs the virtual machine produces the actual outputs. In
this work, semi-virtual lathe is designed to test the effectiveness of the optimization
model. It consists of three modules: (i) Surface roughness prediction module, (ii)
Tool life prediction module and (iii) Cutting force prediction module. Figure 4.1

shows block diagram of a semi-virtual lathe.

e
rpe

NN based surface

W : roughness —>Ra
f - prediction module
Tool life prediction —> T
d module
Cutting force prediction —
module

Figure 4.1. Semi-virtual lathe

For a given process parameters viz., cutting speed (v), feed (f) and depth of cut (d),
the semi-virtual lathe provides centre line average (CLA) value of surface roughness
(Ry), tool life (T) and main cutting force (F). The surface roughness module is

developed using neural network (NN) modelling. The tool life and cutting force
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prediction modules use empirical relation for evaluation of tool life and cutting

force. These are discussed in detail in the following subsections.

4.2.1 Surface Roughness Prediction Module Based on NN

Surface finish is the one of the main attribute of the job quality. The surface quality
of the manufactured products is mainly accessed by surface roughness value which
is expressed as the irregularities of machined surface quantified by CLA value of
surface roughness. It is represented by ‘R,’. For prediction of surface roughness
researchers found neural network modelling as more promising technique because of
its ability to model complex processes (Rangwala and Dornfeld, 1989; Azouzi and
Guillot, 1998; Kohli and Dixit, 2005). It provides reasonable accuracy in prediction
and requires lesser computational time.

In this work, multilayer perceptron (MLP) network model that works on
backpropagation algorithm is used as a part of virtual machine for the prediction of
surface roughness. The experimental data are selected from the work of Kohli and
Dixit (2005) for dry turning of steel using carbide tools. The cutting speed, feed and
depth of cut are considered as three independent variables on which the surface
roughness depends. Therefore, three input neurons of a neural network are cutting
speed (v), feed (f) and depth of cut (d). The network required 21 data sets for
training and 9 for testing as shown in Table 4.1 and 4.2 respectively. The selected
data sets are in the range of cutting parameters as cutting speed: 140-240 m/min;
feed: 0.04— 0.32 mm/rev; and depth of cut: 0.01-1.0 mm.

The output layer has a single neuron corresponding to the predicted value of
surface roughness. For computation of weights, ‘logsig’ activation function is used
for neurons in hidden layer, whereas ‘purelin’ is used for output neurons. For
training the network, the ‘trainlm’ function of MATLAB® 7.1 that works on back
propagation algorithm is used. The performance of the network prediction is

assessed by using root mean square fractional error as given by

_p 2
RMS;, — Z:(Ra—zR") , 4.1
\/ nR;

where R, is the measured CLA value of surface roughness ﬁa is the predicted value.
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Table 4.1. Training data set in dry turning by Carbide tool

Serial Cutting speed, v Feed, f | Depth of cut, d | Surface roughness,
number (m/min) (mm/rev) (mm) R, (um)
1 235.84 0.04 0.1 2.50
2 234.56 0.08 0.1 2.29
3 197.92 0.16 0.1 2.15
4 188.52 0.28 0.1 3.81
5 226.87 0.32 0.1 3.28
6 236.51 0.04 0.3 1.90
7 150.33 0.08 0.3 2.27
8 197.92 0.12 0.3 222
9 221.67 0.24 0.3 2.50
10 212.76 0.32 0.3 3.26
11 140.27 0.24 0.3 2.84
12 203.36 0.08 0.6 2.23
13 227.61 0.12 0.6 2.64
14 197.42 0.12 0.6 2.87
15 221.67 0.16 0.6 2.33
16 215.72 0.24 0.6 1.85
17 179.61 0.24 0.6 2.02
18 203.86 0.28 0.6 2.79
19 236.48 0.04 1.0 243
20 212.27 0.12 1.0 2.35
21 238.41 0.32 1.0 2.43

The root mean square (RMS) error is calculated separately for both training
and testing for various network topologies by varying number of hidden layers and
number of neurons in each hidden layers. A neural network topology that has least
effective error (i.e., maximum of training and testing RMS fractional error) is
considered as best network topology. In this work, the neural network topology with
one hidden layer with five neurons has the least effective error and is considered as

best network architecture. The training performance of the network shows the
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percentage of error to be within 20% limits and maximum error recorded is 17.5%.
The network is validated using 18 data sets and results obtained are within 20%
limits. Figure 4.2 shows the architecture of the proposed NN model for prediction of
surface roughness.

Table 4.2. Testing data set in dry turning by Carbide tool

Serial Cutting speed, v Feed, f Depth of cut, d Surface
number (m/min) (mm/rev) (mm) roughness, R,

(um)
1 201.88 0.08 0.1 2.59
2 157.37 0.28 0.1 4.42
3 184.06 0.30 0.1 4.70
4 233.55 0.08 0.3 1.97
5 144.83 0.16 0.3 2.52
6 223.55 0.08 0.6 241
7 146.93 0.04 0.6 3.04
8 197.92 0.32 0.6 2.62
9 223.67 0.08 1.0 2.65

Cutting
speed (v)

Feed ( Surface
eed () v roughness

Depth of
cut (d)

Input layer Hidden layer Output layer

Figure 4.2. A typical MLP neural network architecture
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4.2.2 Tool Life Prediction Module
In this module the evaluation of tool life is obtained by using empirical relation

based on Taylor’s extended tool life equation and it is given as
VTO‘ZfO‘ISdO‘IS — 273 (4 2)

where v is in m/min, tool life 7 is in minute, f is in mm/rev and d is in mm. The
module doest not employ NN model since the NN modelling requires number of
experimental data sets. Conducting offline experiments for tool life tests are
expensive and therefore an empirical relation is used. Note that this equation is used
to develop a black box module of tool life. This equation is not used anywhere in the

optimization procedure, assuming that tool life can be found only experimentally.

4.2.3 Cutting Force Prediction Module
In this module the evaluation of main cutting force is obtained by using empirical

relation (Ojha et al., 2009) and it is given as
F =85833f%*d"*", (4.3)

where F” is main cutting force in Newton, f is feed in mm/rev and d is depth of cut
in mm. In this module an empirical relation is preferred than NN model since it

minimize the experimental effort.

4.3 An Online Machining Optimization for Cloud Computing
System

The selection of optimum process parameters is an important step in machining,
considering economic aspects. Researchers have investigated single and multipass
machining problems mostly for minimizing production cost or time. Apart from
various optimization algorithms proposed, the implementation of optimal cutting
conditions during machining is very important. However, shop floor applications of
optimization methods are limited due to non-availability of required information
about the process readily. The approach for online optimization of machining
process has not received attention of the researchers.

The most common practice followed in a machine shop is as follows. The

operator makes a suitable guess for the process parameters, carries out the
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machining and fine tunes the process parameters by observing the machining
performance. In the process, operator’s knowledge about the process gets
strengthened that helps him/her in arriving at the better guess in the next situation.
Very recently, the concept of cloud computing and cloud manufacturing has started
gaining popularity (Marston et al., 2011; Xu, 2012). Similar to cloud computing,
cloud manufacturing aims to share manufacturing resources to make “manufacturing
as service” environment. In this work a cloud computing based online optimization
of machining system is developed. The methodology mimics the behaviour of an
operator for obtaining optimum process parameters. For optimizing the finish
turning process the machining parameters are first selected so as to keep the surface
finish of the component produced well within the specified limits. The modification
of cutting condition in machining of subsequent job is carried out in order to
optimize the process. Minimizing the machining cost is considered as optimization
objective and a well-known Simplex search method (Rao, 1999) is used as
optimization technique. The heuristic algorithm for online optimization of

machining process is presented here.

4.3.1 A Heuristic Algorithm

In the proposed scheme the optimization is carried out during actual machining by
selecting the cutting conditions suitably. The scheme selects initial cutting condition
and modifies it suitably based on feed back information from real machining
environment. These data sets are used to optimize the cutting condition. The
algorithm procedure is described in the context of turning process.

For example, consider the optimization of finish turning process for obtaining
the maximum allowable surface roughness (R:). Let I%a be the actual (achieved)
surface roughness. Often researchers consider the surface roughness constraints
as Iéa <R . However, the actual surface roughness is desired between upper and

lower limits of the surface roughness. It is required to obtain definite tribological
characteristics, heat transfer, efc. (Ojha et al., 2009). In this work, the actual surface
roughness is expected to produce between the lower and upper limits and is

estimated as follows.
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Let the target surface roughness be taken as 80% of maximum allowable

surface roughness, i.e., R =0.8R" With the inherent randomness in metal cutting

process Risbood ef al. (2003) considered a maximum of 20% error as reasonable in

prediction of surface roughness. Incorporating some statistical variation in surface

roughness, let I%d should be at 20% deviation from that of target surface roughness

i.e.,0.8R < IAQH <1.2R!. The online optimization strategy begins with selection of

initial cutting condition suitably so that there is no loss /rejection of components due
to surface roughness in early production. In a finish turning process, as the depth of
cut remains same the optimization function is a two variables (v, f) problem. In
Simplex search (Appendix A) the function is optimized in an interactive manner
with (n+1) initial points (cutting conditions) in an n-dimensional space. For the
present problem three initial machining conditions are generated. Other two
machining conditions are selected with 10% deviation, being not much away from
the previous cutting condition. With these three set of cutting conditions and tool
life data the function values are evaluated and optimization is carried out for
obtaining optimum process parameters. The online optimization strategy consists of

the following steps:

Step 1: Select the first set of cutting condition.
Set initial cutting velocity, vj= maximum available cutting velocity, Viax.
Set initial feed fi= minimum allowable feed, fin.

Seti=0;

Step 2: Perform machining with selected values of cutting conditions for a given

tool-work piece combination.

Step 3: Measure the surface roughness of the finished component. Depending on

the value of the surface roughness, three cases may arise:
Case 1: If 0.8R' <R, <1.2R', continue machining at this setting till tool

fails and note down the tool life. Increment i by 1.

If ‘i=1’, go to Step 4 for computing second set of conditions.
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If ‘i =2, go to Step 5 for computing third set of conditions.

If ‘i =3, go to Step 6 for initiating optimization method.
Case 2: If Iéa >1.2R,, give a message “Surface roughness cannot be

achieved with this set of tool-work piece combination”. Since
the process is initiated with vy, and fyi, the achieved surface
roughness is expected to be the minimum. But, if the achieved
surface roughness value exceeds the upper limit, which is 96%
of desired surface roughness value the process will soon be out

of control. Therefore machining should be stopped.
Case 3: If0.8R! > Ra , increase the feed using the following equation:

R’ 1.5
=| == , 4.4

a

where fj is feed in mm/rev. Go to Step 2.

The exponent 1.5 has been chosen so that the new feed will produce the
components within the control limit. The exponent 1.5 is decided based on

the experimental observations.

Step 4: Select second set of cutting condition such that v,= 0.9 v; and fo= 1.1 f;. Go

to Step 2.

Step S: Select third set of cutting condition such that v3= 0.9 v; and f3= f>. Go to Step

Step 6: The three set of cutting conditions obtained from the previous steps is used

to evaluate the function values may be used to initiate Simplex search. to determine

optimum cutting velocity and feed values. The flow chart of the online optimization

procedure is shown in Figure 4.3.

TH-1234_07610308

95



Cloud Computing Based Machining Optimization

[ i=0 |

Select first cuttig condition
V=V oy @NA 1

=Vma =fmin

>
Perform machining and measure
surface roughness

Desired surface roughness AN
cannot be achieved. Stop. || Increase feed as (/). =| z* | /i[>

Continue machining till tool
fails and obtain tool life

No
Select second cutting condition Select third cutting condition
v,=0.9v, and £,=1.11, v,= 0.9 v, and £;=f,

]
—>| Perform simplex search |

| Obtain iterative cutting condition |

Perform machining at this cutting condition.
Obtain actual surface roughness and tool life

Is optimum
reached?

Figure 4.3. Flowchart for online optimization finish machining

The proposed scheme of online machining optimization obtains reliable
optimum cutting parameters by its direct implementation. It has potential to consider

statistical variation of surface roughness in prediction and optimization of the

machining process. The actual surface roughness (ﬁd) is aimed between upper and
lower limits of the target surface roughness (R!) value instead of maximum

allowable value of surface roughness (R: ). It is not considered in most of the offline
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optimization techniques available in the literature. The online optimization
procedure does not employ any empirical relation for evaluation of tool life and
surface roughness and it obtains reliable optimum cutting parameters by its direct
implementation. Further it generates reliable data sets during the process of

optimization and which can be used for many other useful purposes.

[ i=0 |

Select first cuttig condition
vl:vmin al’ldjilzjimin
>y
Perform machining and measure
actual cutting force (F,,)

No Actual cutting force greater
@ than or equal to F,, . Stop
machining.

Continue machining till tool
fails and obtain tool life

No
Select second cutting condition Select third cutting condition
v=1.1v, and £,=f, v,= L1v, and £,=1.1f1,

p| Perform Simplex search to
minimize the cost function

Obtain iterative cutting condition

Perform machining at this cutting condition.
Obtain actual surface roughness and tool life

Is optimum
reached?

Yes

Figure 4.4. Flowchart for online optimization rough machining
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Figure 4.4 shows the methodology for online optimization of rough machining
process. Three initial cutting conditions viz., (Vi = Viin, f1 = fmin), (V2 = L.1vy, o =f1)
and (v3 = 1.1vy, f3 = fi) are considered and machining is carried out. If actual cutting
force obtained is less than Fy,,x machining is continued till tool fails. Tool life is
obtained and function values are evaluated. Simplex search is now initiated to obtain

optimum cutting parameter (Vop, fope) for rough machining.

4.3.2 Objective Function for Finish Machining
In finish turning process two cutting parameters i.e., cutting speed and feed are
optimized while depth of cut remains constant. The optimization objective is to
minimize the machining cost satisfying the maximum allowable surface roughness.

In finish turning, the machining time (7}) for producing a component (Kilic,
1987) is given by

T = %(H%j : (4.5)

where L is the machining length in m, D is the diameter of the work piece in mm, ¢,
is the tool change time in minute and 7'is the tool life for particular cutting condition
in minute. The tool life is a function of cutting velocity, feed and depth of cut.

If Cy is the operating cost in $/min and C;. is the tool change cost in $, then
machining cost per piece (C) is given by

ﬂLDj “6)

C=CT,+C,|=—=
P fVT

Substituting the value of 7), from Eq. (4.7)

cre2lie( )

-C, @(1#—6}, 4.7)
AT

where tj = t. + C,/Cy. With the constant values of costs, length and diameter, the

objective function to minimize machining cost is expressed by the function F as
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Minimize F :%(1+%J. (4.8)
The cost function given in Eq. (4.8) is optimized satisfying the desired surface
roughness value. The function reduces to two-variables (f and v) problem and it has
the units of min/mm>. Simplex search may be used to compare the values of the

objective function.

4.3.3 Objective Function for Multipass Machining

The proposed heuristic online optimization is also applied for multipass machining
process. In manufacturing industries, multipass machining is widely used than single
pass. In a multipass machining process the total depth of stock is removed by
number of roughing passes and a final finish pass. The highest possible metal
removal is aimed in rough passes, where surface finish is not an important
consideration. Cutting force developed should be within maximum allowable value.
In finish turning process, surface finish is the most important consideration.

The optimization objective is to minimize the cost. Total machining time for
producing a component (7;) is sum of (i) total machining time for roughing passes
(Tir), (i1) machining time for finish pass (7i) and (iii) loading and unloading time
(T1) and (iv) total tool reset time (7). It is given by

T, Mty + T, (4.9)

Equal depth of cut is considered for all rough passes. The total machining time for

roughing and finishing pass is given by (Ojha et al., 2009)

TtR:[Ht—CJ L nD, — mm~1)d,) (4.10)
R VR R
L
T, =2=(D, +2d,). 4.11)
Velr

where Dy and Dy are initial and final diameter of work piece in mm, vg, fz, dg , m and
Ty are cutting speed in m/min, feed in mm, depth of cut/pass in mm, number of

passes, tool life in minute for roughing passes and v, fr, dr and Tr are cutting speed
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in m/min, feed in mm, depth of cut in mm, tool life in minute for finishing pass. The
total tool resetting time is given by

T =(m+1t,, 4.12)
where ¢ is the tool reset time/pass. Hence, total machining time per component is

obtained as

t. | #L t. | 7L
T, :(1+—0j—(mD0 —m(m—l)dR)+(l+ ¢ j—(Df +2d,.)+T,+T,.
R VR R TF FfF
(4.13)
The total production cost is given by

T, T
c=C[T,+C, (i+ij (4.14)
n I

F

where C) is the operating cost in $/min and C is the tool change cost in $/cutting
edge. Substituting the value of 7, in Eq. (4.14) the total production cost being the
summation of cost for roughing passes, cost for finishing pass and cost involved for

loading and unloading is given by

C=C,+C,+C,

= [co L (D, —m(m=1)d) +(Cyt. +C,)—ZE (D —m(m=1)d,)+C,(m + D),

VrJr VrJriR

(D, +2d,)+(Cyt.+C,)
Ve fr . " ’ Vi fi Ty

The cutting and feed for roughing passes (vgr and fr) are obtained by minimizing the

wL(D, +2d
{co 7L ZHD 2 | g (4.15)

function Ckg, given as

L L
C, = {co T (mD, —m(m—1)d,)+(Cyt. +C,)—=— (mD, —m(m~1)d, )+ Cy(m+1yr. |.
vR R VR R™R
(4.16)
Finish turning parameters (vp and fr) are obtained by minimizing the function Cg,
given as
100
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nwL(D, +2d
7L (Df+2dF)+(C0tC+C,C)M .
vaF VFfFTF

C, = [co (4.17)

4.4 Illustrative Examples: Online Optimization of Machining

Process

In manufacturing industries, multipass machining is widely used than single-pass or
finish machining. The highest possible metal removal is aimed in rough passes,
where surface finish is not an important consideration. However, in finish machining
process, surface finish is the most important consideration. The proposed online
procedure is explained with illustrative examples for finish as well as multipass

turning process.

4.4.1 Optimization of Finish Turning
In this section, the proposed methodology is explained with the help of a suitable
example. Let us assume that optimum process parameters for a finish turning

process are to be found for a depth of cut of 0.3 mm and allowable surface
roughness value (R, ) is 3.25 um. The target surface roughness (R!) is evaluated as

2.60 um. The actual surface roughness may lie between 2.08 and 3.12 um. The
algorithm initializes the cutting conditions, v; (= Vmax) as 238 m/min and f (= fmin) as
0.04 mm/rev. The machining of component is performed and surface roughness is
measured as explained in Step 2 and Step 3 of the methodology in Section 4.3.1.
First set of cutting condition reaches when v =238 m/min and f = 0.12 mm; the CLA
surface roughness was 2.26 um. Now machining is continued till tool fails. The tool
life obtained is 24 min. The remaining steps of the methodology are followed to
obtain other two cutting conditions. The other two cutting conditions are (214, 0.13)
and (193, 0.13) and tool lives are 38 and 64.5 min respectively. Table 4.3 shows the
three set of cutting conditions and surface roughness values obtained in this process.

For all three initial cutting conditions the function values are evaluated using
Eq. (4.8). With the operating cost, Cy as $0.5/min, the tool change cost, Cy as
$2.5/cutting edge and tool change time, 7. as 1.5 min (Gupta et al., 1995; Ojha et al.,

2009), t: =1.5 +% =6.5min. The function values are
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1 6.5 S 2
F = | 1+— [=4.45%10" min/mm
(238012 238><103><0.12( 24)

1 65 _5 . 2
F, = | 1+— |=4.21x10” min/mm
(1019 214><103><0.13( 38)

1 10 -5 . 2
F = 1+ =4.34%x10" min/mm".
(93019 193%10° x0.13 ( 64.5}

With the help of three cutting conditions and corresponding function values as
(238,0.12,4.45x107°), (214,0.13,4.21x107°) and (193,0.13,4.34x107°), the

process is minimized using Simplex search algorithm.

Table 4.3. Results of different cutting conditions

Cutting parameters Surface roughness Job accepted

S.No. 0 d b obta et fea )(um) /rejected Remarks

(m/min mm mm/rev)

1 238 03 0.04 2.05 Accepted Only one job is
machined
2 238 0.3 0.06 2.03 Accepted —do—
238 03 0.08 1.98 Accepted —do—
4 238 03 0.12 2.26 Accepted First set of cutting
condition reached,

machine a number of

jobs till tool fails.

Second set of cutting
condition reached,
5 214 03 0.13 221 Accepted machine a number of
jobs till tool fails.

Third set of cutting
condition reached,
6 193 03 0.13 2.14 Accepted machine a number of
jobs till tool fails.

The optimum process parameters are obtained after six iterations as vop = 188
m/min and fo,x = 0.24 mm. The function value reached is 2.69x107 min/mm?. At
this optimum condition, the surface roughness obtained is 2.54 pm which is well

within the specified limits. Iteration wise results are presented in Table 4.4. It may
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also be noted that the values of surface roughness obtained in all iterations are
within the specified limits. By machining continuously at every cutting condition till
tool fails, tool life data is also obtained through online machining and it does not
require any separate off-line experimentation.

Table 4.4. Results of simplex search

New point obtained Surface

New through Simplex search roughness Function value

points (v d ) obtained (R,) (F)
(m/min mm mm/rev) (nm) (x10™ min/mm?)

1 186 0.3 0.14 2.22 4.18

2 215 0.3 0.12 2.10 4.06

3 178 0.3 0.15 2.29 4.03

4 207 0.3 0.16 2.06 3.52

5 156 0.3 0.20 2.04 3.36

6 188 0.3 0.24 2.54 2.53

Taking D as 30 mm and L as 100 mm, the cost of machining at optimum
cutting condition is evaluated as

~ 0.5x2x0.03x100 (1 6.5

C = +—1=%$0.1191.
- 188%0.24 j 3

46

A number of other problems having depth of cut varying from 0.1 mm to 1.0 mm for
different values of maximum allowable surface roughness are tested. The optimum
process parameters (Vope and fop) and function values (Fiin) calculated are given in
Table 4.5. The surface roughness values for all the cases are within the desired
limits and the cutting conditions do not deviate significantly from the optimum

values.
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Table 4.5. Results of different problems

Data set Simplex optimum

Problem | (4 R:) (Vopt ot I/éa Fnin) Number of
number (mm  pm) | (m/min  mm/rev pm %107 min/mm?) iterations

1 (0.1 3.25) 173 0.18 2.33 3.32 11

2 (0.3 3.00) 172 0.19 2.38 3.29 12

3 0.4 3.25) 175 0.22 2.34 2.89 7

4 (0.5 3.60) 188 0.28 3.40 2.34 11

5 (0.6 3.75) 208 0.31 2.72 2.28 10

6 (0.7 3.00) 221 0.06 2.08 | 5

7 (0.8 3.75) 152 0.28 3.48 2.62 12

8 (0.9 2.50) 194 0.13 2.31 4.90 7

9 0.9 3.75) 152 0.24 2.46 3.04 12

10 (1.0 3.50) 194 0.23 2.94 2.40 9

The economic analysis of the illustrated example is presented here. For
machining 30 mm diameter job for 100 mm long the cost of machining at different
cutting condition is evaluated. The results are given in Table 4.6. In the proposed
methodology, for the illustrated example in Section 4.4.1 the optimum cutting
condition is reached after producing 1739 components. However, it may vary
depending upon the produced surface roughness and tool life under selected cutting
condition. The surface roughness of the machined jobs is well within the maximum
specified limit of 3.12 pm and there is no rejection. In the present case, the optimum
cutting condition (v, and f,,,) obtained is (188 m/min and 0.24 mm). The machining

cost for producing one component at optimum cutting condition (C,,)is $0.1191

(=X 7.15; 1$=X 60).

In practice, conducting one tool life test consumes about 20 kg material and
20 hrs of machining (Hegginbotham and Pandey, 1967). The cost involved to
conduct one tool life test is approximately $91.03 (=X 5462) (Appendix B).

The cost involved in machining first component at optimum is the sum of the

tool life estimation cost and optimum cost of machining (i.e., $91.03+$0.1191 =
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$91.15). In online machining, the cost involved in machining first job is $0.584.

Therefore, it can be said that saving is $90.56. Similarly the saving is evaluated for

as machining of jobs goes on and is reported in column number 6 of Table 4.6. In

batch production of components machining under various tool-work piece

combination/or change of job, the proposed methodology is highly suitable.

Table 4.6. Economic analysis based on Simplex optimization of finish machining

Number Total
Cutting Data set obtained Machin | of jobs | machining
condit v d ¥ T Ra ) -ing turned, cost ($) Saving
ey (m/min mm mm/rev min pm) time, T, | n = T, (nC) ®)
(min)
238 0.3 0.04 543 2.05 0.990 01 0.584 90.56
% 238 0.3 0.06 404 2.03 0.660 01 0.383 90.30
%0 é 238 0.3 0.08 32.6 1.98 0.495 01 0.267 90.16
:%0 é 238 03 0.12 241 2.26 0.330 72 15.09 83.64
f)s T 214 03 0.13 385 221 0.339 113 22.37 74.73
= 193 03 0.13 645 2.14 0.376 171 35.35 59.65
186 0.3 0.14 734 222 | 0.3619 202 39.79 43.92
%0 é 174 03 0.15 973 2.29 | 0.3611 269 51.81 24.24
i g 215 03 0.14 356 2.14 | 0.3131 113 20.92 16.78
:é % 211 03 0.16 354 208 | 0.2792 126 20.81 10.98
i:% % 156 0.3 0.20 1354 2.40 | 0.3021 448 70.92 -6.59
= 2 188 0.3 0.24 465 2.54 | 0.2089 222 26.44 -6.59
Total 1739

In conclusion, if a very large number of jobs are to be produced, it is better to

conduct the tool life test first and then machining should be carried out at the

optimum machining conditions. However, when the batch size is smaller than a

threshold value, the proposed algorithm will provide economical solution. The

threshold value of batch size can be easily estimated, as the rough estimate of the

minimum possible cost of machining can always be made (for example by assuming

TH-1234_07610308
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a very large value of tool life). Also, it is emphasized that the purpose of proposing
the present algorithm does not mean that existing knowledge from machining
handbooks or shop floor information should not be utilized. This methodology can
be considered more as a fine tuning method. In order to show the effectiveness of
the methodology, here deliberately large ranges of process parameters have been
chosen assuming that little is a priori information known. In actual practice, fine

tuning will not take much time, with some information already available.

4.4.2 Optimization of Multipass Turning
Consider a multipass turning process to be optimized for obtaining optimum process

parameters. Let total depth of stock to be removed is 3.0 mm and allowable surface

roughness value (R)) is 3.25 um. The maximum allowable cutting force (F fay) is
1000 N. The variable bounds are140 <v(m/min)<238,0.04< f (mm/rev)<0.32,
0.1<d(mm)<1.0.

The online optimization of roughing process starts with selection of initial
cutting condition suitably so that actual cutting force is within limit. The depth of
cut in all roughing process is taken as equal. The number of passes is decided such
that the maximum depth of cut constraint is not violated. In the present problem
depth of cut for finishing and two roughing passes comes out as 1.0 mm. As the
optimization function is a two variable (v, f) problem, three initial machining
conditions are generated and optimized using Simplex search method. There are
many non-conventional optimization methods proposed in the literature. However in
this work, simplex search method is used to optimize the parameters. To initiate
optimization, three cutting conditions are selected as (v, f1), (1.1vy, fi) and (1.1vy,
1.1f).

For the present problem initial cutting condition v; (= Vi) as 140 m/min and
J1 (= fmin) 0.04 mm/rev is chosen. Roughing depth of cut/pass (dr) is 1.0. Number of
rough passes (m) is two. The cutting force is obtained as 386.3 N, which is within
limit. The machining is continued with first set of cutting condition (v; = 140 m/min,

f1 =0.04 mm/rev, d = 1 mm/pass) till tool fails and obtained tool life 315.2 minute.
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Substituting L= 100 mm, D¢=30 mm, Co= 0.5 $/min, C= 2.5 $/min, f.=1.5

min/edge, = 0.51min/pass, Eq. (4.16) rough machining cost is evaluated and it is

R

{O‘SX”XOJX” 1(0.5%1.5+2.5)—FX0-1x58 +0.5><3><0.51} = $2.42.

140x0.04 140x0.04x315.2

The other two cutting conditions are (154, 0.04) and (154, 0.05). The corresponding
cost is $2.28 and $1.98. The rough machining cost is optimized using Simplex
search (Rao, 1999) and optimum is found. The iterative cutting conditions and
roughing costs are shown in Table 4.7. The cutting force obtained is within the limit
of 1000 N. The optimum process parameters are obtained as vo, = 196.0 m/min and
fopt = 0.08 mm/rev. The optimum cost for roughing/piece is $ 1.43. The proposed
scheme obtains reliable optimum cutting parameters by its direct implementation

without deviating cutting force constraint.

Table 4.7. Iterative results of optimization for roughing process

New point obtained Roughing
New through Simplex search Actual cutting force cost per
points (vr dr fr) (F)(N) piece
(m/min mm mm/rev) (Cr) (%)
1 182.0 1.0 0.06 427.2 1.67
2 192.0 1.0 0.07 443.8 1.52
3 196.0 1.0 0.08 458.8 1.43

In optimization of finish turning process the initial cutting condition are
selected as v| (=vmax) and fi (= fmin) and the constant depth of cut is equal to dyax. For

the present problem v, f; and d; are 238 m/min, 0.04 mm/rev and 1 mm

respectively. The allowable surface roughness value is (R,) 3.25 pum. Considering

some statistical variation the actual surface roughness (f\’a) is considered between
the lower and upper limits and may lie between 2.08 and 3.12 pm. The machining of
component is performed and the obtained cutting force and CLA surface roughness
are 386.3 N and 2.12 um respectively. If surface roughness falls below lower limit,
feed is increased suitably with v remaining same. Now machining is continued till
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tool fails and obtained tool life is 22.2 minute. Substituting L= 100 mm, D=24 mm,
Co= 0.5 $/min, C= 2.5 $/min, t.=1.5 min/edge and = 0.51min/pass in Eq. (4.17)

finish machining cost is evaluated and it is

F

{O.anxo.lx% £ (05x1.5+2.5)_TX0:1x26 }=$0‘56-

238x0.04 238x0.04x22.2

The other two cutting conditions are considered as (v,=0.9v,, f,=1.1f}) and (v3=0.9v,,
Jf3=1.1f1). While machining is performed at (214, 0.05) and (193, 0.05) the cutting
force and surface roughness obtained are within the limit. The optimum process
parameters are obtained as vop = 224 m/min and fo, = 0.09 mm/rev. The optimum

cost for finishing/piece is $ 0.28.

Table 4.8. Iterative results of optimization for finishing process

New point obtained
New through Simplex search Surface roughness | Cost per piece
points | (vg dr fr) | obtained (R )(um) |  (Cr) ($)
(m/min mm mm/rev)

1 168 1.0 0.06 2.56 0.43

2 184 1.0 0.07 2.52 0.36

3 227 1.0 0.08 2.63 0.31

4 224 1.0 0.09 3.03 0.28

The cost involved for loading and unloading the component, Cr= 0.5x0.75= $
0.375. Thus the total production cost per component is $2.09.The proposed scheme
obtains reliable optimum cutting parameters by its direct implementation without

causing any loss/rejection of components due to surface finish.

4.5 Summary
In this Chapter, a heuristic online optimization suitable for cloud computing system
is developed. Unlike offline optimization procedure, the proposed method optimizes

the machining process during production of components. The method does not
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require a priori machining models and no offline experiments is needed. The
methodology is demonstrated for optimizing finish and multipass machining
process. The process is optimized for obtaining optimum cutting velocity and feed.
Optimization objective is to minimize the machining cost satisfying the desired
surface roughness. The effectiveness of the model is tested on virtual machine. In
this work, the semi virtual lathe consisting of three modules viz., surface roughness
prediction module, tool life module and cutting force module is designed. For given
values of inputs parameters, the virtual machine produces the actual outputs. The
machining experiments are carried out through simulated results. This reduces
number of physical experiments by saving time needed for conducting experiments
as well as material cost. The online optimization is applied for multipass machining
process. The optimization procedure and illustrative examples are presented.

The proposed scheme of online machining optimization obtains reliable
optimum cutting parameters by its direct implementation. The procedure may be
implemented over intranet/internet in a cloud computing system. The online
optimization procedure generates real machining data sets which can be used for
developing predictive modelling. The datasets can also be used to develop an
artificial intelligence-based online learning methodology for optimizing cutting

parameters.
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Chapter 5
Fuzzy Set Approach to Optimization

5.1 Introduction

For optimizing the machining processes researchers have been using various
traditional and non-traditional optimization techniques. Since the publication of first
paper on the fuzzy set theory (Zadeh, 1965), it has been applied to a number of
engineering problems (Bojadzieve and Bojadzieve, 1995; Dixit and Dixit, 2008). The
applications can be broadly classified into three categories— (i) decision making with
the help of fuzzy set operations, (ii) use of fuzzy arithmetic wherein physical variables
are considered as fuzzy numbers and (iii) use of fuzzy logic in modelling and control
problems. The fuzzy set theory has also been applied in the area of optimization (Rao,
1987; Luhandjula, 1989; Ekel et al., 1998; Liu, 2002; Dixit et al., 2002).

Rao (1987) proposed a computational approach to solving a multi-objective
fuzzy optimization problem consisting of fuzzy constraints and fuzzy objective
functions. The approach solves fuzzy optimization problem using conventional single-
objective programming techniques. Luhandjula (1989) reviewed fuzzy optimization
problems by classifying them into two parts: flexible programming and mathematical
programming problems with fuzzy parameters. Flexible programming is capable of
tolerating some flexibility in the formulation of goals and constraints of the
mathematical program. Although the objective function and constraints in the problem
are in crisp forms, they are specified/satisfied in a fuzzy form. For example, “Find
xe X such that f{x) is maintained to a lower level while g;(x)<b; (i=1,...,m) are met as
well as possible” is a flexible programming problem. In mathematical programming
problems with fuzzy parameters, some or all coefficients of the problems are fuzzy

numbers.
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The Luus and Jaakola (LJ) (1973) proposed an optimization procedure for
solving nonlinear optimization problems, which uses randomly chosen test points in
the search space that is decreased in size as iterations proceed, in search of optimum.
In this work, a fuzzy set approach to optimization has been proposed. It is similar to
Luus and Jaakola algorithm, but here instead of probalilistic approach, fuzzy set
approach is adopted. A similar method is grid search method, in which the search
space is divided into number of grids. The objective function values at all the grid
points are evaluated and the lowest function value is obtained (Rao., 2011). The
proposed fuzzy set based optimization method can be considered as generalised and
fuzzy form of grid based method. Further discussion is presented in Section 5.5.

It consists of finding the optima with the help of IF-THEN rules. The method is
found to be effective in solving the engineering problems, where usually an
approximate solution is desired. In case the optimization problems having large
number of variables the optimization procedure is modified suitably. Thus, the
algorithm does not suffer from ‘curse of dimensionality’ and found suitable for
optimization the problem with several decision variables.

The efficiency of the optimization algorithm is tested with two standard test
problems and results are compared. The methodology is also applied for both offline
and online machining optimization problems. The experimental demonstration of the
proposed strategy is presented for finish turning of cold rolled steel with TiN coated
carbide tool. Online optimization strategy combined with cloud computing helps to
share the informations on a cloud. In this Chapter, Section 5.2 describes the
methodology of fuzzy set based optimization procedure. In Section 5.3 some test
functions are solved and compared with its standard result. The application of fuzzy
set based optimization in machining optimization problems is presented in Section 5.4.
It is applied for both offline and online machining optimization. The merits and
demerits are presented in Section 5.5. The experimental demonstration of the fuzzy
based online optimization strategy is presented in Section 5.6. A note on tool life
enhancement strategy is described in Section 5.7. The summary of the Chapter is

presented in Section 5.8.
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5.2 Methodology
The algorithm based on fuzzy set based optimization methodology solving general
case of optimization problem is demonstrated here. Figure 5.1 shows the general

procedure and steps of fuzzy set based optimization.

number of cells

[ 1. Divide search domain into]

2. Fuzzify the decision variables
in fuzzy subsets

l

(3. Develop the rule base]

H |VH |VH | VH ‘

[4. Identify the optimum cell. Refine theJ

search till desired accuracy obtained

Figure 5.1. Procedure and steps of fuzzy set based optimization

Step 1. Dividing the search domain: The search domain is divided into number of
cells. Identify the centroid of the cells.

Step 2. Fuzzifying the decision variables: Fuzzify decision variables into a number
of fuzzy subsets. Each fuzzy subset of a variable has membership grade 1 at the
centroid of the cell and O at the centroid of the adjacent cells. The membership
functions for the fuzzy subsets can be linear or non-linear.

Step 3. Developing the fuzzy rules: If the fuzzy rules are available for each cell
based on physical consideration, then go to Step 3. Else, generate the fuzzy rules. For
this purpose, the following method may be employed. Obtain the function values at
the centroid of each cell. Based on the function values, decide the minimum (X,,;,) and
maximum (Xmax) values. Fuzzify the output variable into n number of overlapping
fuzzy sets. For simplicity, linear membership functions may be chosen. First and last
fuzzy subset membership functions can be taken as half trapezoidal and the remaining

membership functions may be triangular. Suppose the variable bounds for a variable
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are Xmin and Xmax, then for i-th fuzzy subset of the fuzzified variable, the value at the
vertex corresponding to the membership grade 1 is given by
X —-X_
X, +—me—min (1), S.D
n—1
Similarly, the right and left limits of the fuzzy subset (vertices corresponding to 0

membership grades) are given by

X —-X.
rightlimit= X, +———=i, 5.2)
n—1
X —-X_
leftlimit= X . +ma"—1m“‘(i—2) 5.3)
n_

Note that the first fuzzy subset does not have a left vertex corresponding to
membership grade of 0 and last fuzzy subset does not have a right vertex
corresponding to membership grade of 0. Now, for each cell, the consequent part of
the rule is the fuzzy subset of the output at the centroid of the cell and the strength of
the rule is the membership grade of fuzzy subset.

Step 4. Identifying the optimum cell and refining the search:

Based on the rule base, desired objective and constraints identify the cells where the
optimum may lie. Refine the search (beginning with Step 1) by choosing the cell
having the highest strength of the rule amongst the identified cells. Depending on the

result, either move on to the next identified cell or refine further or stop.

5.3 Test Problems

The proposed fuzzy set based optimization tested with two standard test problems.

5.3.1 Test Function 1

Consider the following optimization problem.

Minimize F = (x* + y—=7) +(x+ y* ~11)’
(5.4)

Subjectto 0<x<6; 0<y<6

The objective function is a Himmelbau’s function. The function is to be minimized.

The search domain is two dimensional space having 0<x<6 and0<y<6. The

following steps are followed for solving the problems.
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1. The search domain is divided into 9 cells as shown in Figure 5.2 (a); each decision

variables x and y gets divided into low, medium, and high cells. The centroid of

the each cell is identified and the function values are evaluated. Table 5.1 shows

the function values at the centroid of each cell.

Y A Cell centroids
A
6 . ) .
3 6 9 Verylow Low Medium High Very high
H o/ \‘n \o 81'0 h
o
()}
4 Q.
2 5 8 =
%
M ° ° ° 4
=
2 1 4 7 %
L ° ° °
0 f f ! ' Y >
* K 5 " e 10 35 60 85 110
L M H X Function value (F)
(a) (b)

Figure 5.2. Fuzzy optimization (test function 1) (a) linguistic division of search

domain into 9 cells (b) fuzzification of function values

Table 5.1. Function values at cell centroids (test function 1)

Decision variables Function value
Cell number X y F
1 1 (Low) 1 (Low) 106
3 1 (Low) 3 (Medium) 10
3 1 (Low) 5 (High) 226
4 3 (Medium) 1 (Low) 58
5 3 (Medium) 3 (Medium) 26
6 3 (Medium) 5 (High) 338
7 5 (High) 1 (Low) 386
8 5 (High) 3 (Medium) 450
9 5 (High) 5(High) 890

2.

TH-1234_07610308

The obtained function values are in the range from 10 to 890. As the goal of the

problem is the minimization of function values, Fyin = 10 and Fpa= 110 is
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chosen. The output variable is fuzzified into 5 fuzzy subsets using Egs. (5.1-5.3)
as shown in Figure 5.2 (b).
3. Table 5.2 depicts the rule base along with the strength of the rules. As the goal is
to obtain very low value of objective function, the Rule 2 is fired.
Rule 2: If x is low and y is medium F'is very low

Table 5.2. Rule base with strength of rules (test function 1)

X y F Strength
Low Low High 0.15
Low Medium Very low 1.0
Low High Very high 1.0

Medium Low Low 0.08
Medium Medium Very Low 0.36
Medium High Very high 1.0
High Low Very high 1.0
High Medium Very high 1.0
High High Very high 1.0

4. The search domain now gets reduced to 0<x<2 and 2< y<4. Further

search is refined in this zone.

The domain is now divided into 4 cells with the decision variables getting
divided into ‘low’ and ‘high’. Since the search domain now becomes small it is
divided into lesser number of cells. The function values corresponding to cell
centroids are obtained and it ranges from 9 to 36. The output variable is
fuzzified into 4 fuzzy sub sets. Figure 5.3 shows the division of domain and
fuzzification of the output variable and Table 5.3 depicts the cell centroid and
rule base of the reduced search domain. From the rule base, the rule 4: “If x is
high and y is high, F is very low” having the membership grade 1.0 is fired.

The search domain now gets reduced to 1<x<2 and 3<y<4.

116
TH-1234_07610308



Fuzzy Set Approach to Optimization

y A 3
4 > ” 10 Very low  Low High Very high
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9 18 27 36
0 L 1 H 2 X Function value (F)
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Figure 5.3. Search domain: 0<x <2 and2 < y<4 (a) division of domain into 4 cells

(b) fuzzification of function values.

Table 5.3. Cell centroids with rule base of the domain0< x<2 and2< y<4

Decision variables Function value
Cell number % y F Strength
1 0.5 (Low) | 2.5 (Low) | 36 (Very high) 1.0
2 0.5 (Low) | 3.5 (High) | 14 (Very low) 0.44
8 1.5 (High) | 2.5 (Low) | 16 (Very low) 0.22
4 1.5 (High) | 3.5 (Low) | 9 (Very low) 1.0

The procedure may be continued, till the cell size becomes sufficiently small.

Figure 5.4 shows the reducing size of the search domain for different iterations.

The method provides optimum zone as

1.75<x<2

and 3<y<3.25 after 4

iterations with small variation in function value as0 < F <2.5. The optimum of

the problem is (2, 3) and the function value is 0.

N

Optimum (2,3
4 \\ y T /— ptimum (2,3)
N
g
3 N
i Ye s
2 4
/ [ Initial search domain
\_/ B ! lteration
-~
~ - 2 @ 2 Iteration
~
=~ B 37 Iteration
O 4" iteration
0 2 4 6 X

Figure 5.4. Reducing sizes of search domain and iterative points (test function 1)
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5.3.2 Test Function 2

Consider the following optimization problem.
Minimize F =10(y+x*)" +(1-x)°
Subjectto 0<x<3; 0<y<3

(5.5)

The search domainis 0 < x<3 and 0< y<3. The two variables non-linear function is

solved by fuzzy set based optimization and compared with result. The initial search
domain is divided into 9 cells with decision variables gets divided into ‘low’,
‘medium’ and ‘high’ as shown in Figure 5.5 (a). The function values are evaluated at
each cell centroids. Table 5.4 shows the function values at the centroid of each cell. It
is observed that function values range from 6 to 768. As the goal of the problem is
minimization of function values, Fy, = 0 and Fp.= 160 is chosen. The output
variable is fuzzified into 5 fuzzy subsets as shown in Figure 5.5 (b). Table 5.5 depicts
the rule base along with the strength of the rules. Rule 1 has the highest membership

strength and it is fired.

3
3 6 9
H L J L] ([ ]
2 p) 5 8
M [} [ J [
1
1 4 7
L [ ] ([ ] [ ]
0 -
0 L 1 M 2 H 3 0x
(a)

/'
Verylow Low Medium High Very high

& =
O o

Membership
grade

-
-

o

06

40 80 120 160
Function value (F)

(b)
Figure 5.5. Fuzzy optimization (test function 2) (a) Division of search domain into 9

cells (b) fuzzification of function values.
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Table 5.4. Function values at cell centroids (test function 2)

Cell Decision variables Function value
number X y (F)
1 0.5(low) 0.5(low) 6.0
2 0.5(low) 1.5(medium) 31.0
3 0.5(low) 2.5(high) 76.0
4 1.5(medium) 0.5(low) 76.0
5 1.5(medium) 1.5(medium) 141.0
6 1.5(medium) 2.5(high) 226.0
7 2.5(high) 0.5(low) 458.0
8 2.5(high) 1.5(medium) 603.0
9 2.5(high) 2.5(high) 768.0
Table 5.5. Rule base with strength of rules (test function 2)

X y F Strength
Low Low Very low 0.85
Low Medium Very low 0.23
Low High Low 0.1

Medium Low Low 0.1
Medium Medium High 0.48
Medium High Very high 1.0
High Low Very high 1.0
High Medium Very high 1.0
High High Very high 1.0

The search domain now gets reduced to 0<x<1 and0<y<1. The search
domain is refined further. The domain is divided into 4 cells with the decision
variables gets divided into ‘low’, ‘high’. The output variable is fuzzified into 4 fuzzy
sub sets. Figure 5.6 (a) shows the division of 4 cells and Figure 5.6 (b) shows

fuzzification of the output variable. Table 5.6 depicts the cell centroid and rule base of
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the reduced search domain. On firing rule 1, the search domain now gets reduced to

0<x<0.5 and 0< y<0.5.
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Figure 5.6. Search domain: 0<x <1 and0< y <1 (a) division of domain into 4 cells

(b) fuzzification of function values

Table 5.6. Cell centroids with rule base of the domain 0<x<1 and 0< y <1

Cell Decision variables Function value Strength
number x y (F)
1 0.25 (low) 0.25 (low) 1.5 (very low) 0.75
2 0.25 (low) 0.75 (high) 7.2 (low) 0.8
3 0.75 (high) 0.25 (low) 6.7 (low) 0.88
4 0.75 (high) 0.75 (low) 17.3 (high) 0.12

The procedure is continued till the cell size becomes sufficiently small. Figure 5.7

shows the reducing size of the search domain for different iterations. The method

provides optimum zone as 0.25<x<0.375 and 0< y<0.125 after 4 iterations with

small variation in function value as0.56 < F <1.1. The optimum of the problem is

(0.32, 0) and the function value is 0.567.
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Figure 5.7. Reducing sizes of search domain and the optimum zone (test function 2).

5.4 Application for Machining Optimization

For the objective of present thesis the proposed fuzzy set based optimization is applied
for optimization of machining process. The problem is highly nonlinear in nature. The
optimization technique is used for obtaining optimum process parameters. It is applied

for both offline and online machining optimization problem.

5.4.1 Offline Machining Optimization

Consider an optimization of multipass turning process. The optimization model is
based on the analysis presented by Ojha et al. (2009). The total production time per
component is given by Eq. (4.13) and the machining/production cost of a component
is given by Eq. (4.14).

The optimization model is solved using the proposed fuzzy optimization method
with an illustrative example. A standard example is chosen from reference Ojha et al.
(2009). It is concerned with the multipass turning of a workpiece to reduce its
diameter by 12 mm. A Taylor’s tool life equation has been provided, which indicates
that cutting speed has the maximum influence on tool life followed by feed and depth
of cut. Surface finish is important in the finishing pass but not in the roughing pass.
There is a limit of cutting force and cutting power. With this information, the

following rules are used.
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= Try to take maximum possible depth of cut in each pass.
= Obtain the feed based on maximum possible force in roughing pass and
desired surface roughness in the finishing pass.
= Once the feed and depth of cut are decided, choose the cutting speed based on
the maximum power.
With these rules, the following values of process parameters are obtained: depth of cut
for roughing pass = 3 mm, depth of cut for finishing pass = 3 mm, feed for roughing
pass = 0.56 mm/rev, feed for finishing pass = 0.3 mm/rev, cutting speed for roughing
pass = 130 m/min and cutting speed for finishing pass = 209 m/min. The cost of
machining at these parameters may not be the minimum due to lesser tool life.
As the cutting speed has the most influence on tool life, it is decided to search
for roughing speed (vg) in the range 100—130 m/min and finishing speed (vr) in the
range 140-200 m/min. Eq (4.14) is simplified as two variables function and the

optimization problem is

Minimize _C = 0.5(84' 5 +1.738x107v,* + 138.23 +9.599x107"'v,* +1.77j
vR vF
+2.5(1.159x10""v, " +6.399x10™"'v,*) (5.6)
subjected t0:100 < v, <130and140<v, <200 6ad)

The search domain is initially divided into 9 cells as shown in Figure 5.8 (a); each
decision variables are divided into ‘low’,” medium’, and ‘high’. Table 5.7 shows

function values at the centroid of each cell in the search domain.

v
(m/mif)“ A
2001~ s 3 LolYerylow Low Medium High Very high
H [ ] [ ] ) °
=
s
180 )
2 5 8 =
M ° ) ° 0.5
é ]
160 I
1 4 7 § |
L ® ° ° :
140 - 0 l|8 188 ! f ' >
100 | 110y 120 130 : 185 19 1.95 2.0
(m/mik) Machining cost (C) $
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Figure 5.8. Fuzzy optimization of turning process (offline — turning) (a) linguistic

division of search domain (b) fuzzification of function values
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Table 5.7. Function values at cell centroids (offline optimization)

Rough cutting speed Finish cutting speed Machining cost
Cell number (vg) (m/min) (vrp) (m/min) (OX6))
1 105 (low) 150 (low) 1.90
2 105 (low) 170 (medium) 1.91
3 105 (low) 190 (high) 1.97
4 115 (medium) 150 (low) 1.88
5 115 (medium) 170 (medium) 1.90
6 115 (medium) 190 (high) 1.95
7 125 (high) 150 (low) 1.88
8 125 (high) 170 (medium) 1.89
9 125 (high) 190 (high) 1.95

It is observed that the function values are in the range as C, = 1.88 and C,, =

1.95. The output variable is fuzzified using triangular membership function with 5

fuzzy subsets viz. very low, low, medium, high, very high using Eqgs. (5.1-5.3) and is

shown in Figure 5.8 (b). Table 5.8 depicts the rule base along with the strength of the

rules in the search domain. As the goal is to obtain very low value of production cost

per component, the fourth or seventh rule may be fired. Firing of seventh rule the

search domain gets reduced tol120<v, <130 and140<v, <160, and this refined

search domain is now divided into 4 cells as shown in Figure 5.9 (a).

Table 5.8. Rule base with strength of the rules (offline optimization)

VR VP C Strength
Low low medium 1.0
Low medium medium 0.8
Low high high 0.6

medium low low 0.4
medium medium medium 1.0
medium high high 1.0
High low low 04
High medium low 0.2
High high high 1.0

TH-1234_07610308
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Figure 5.9. Search domain: 120 <v, <130 and 140<v, <160 (a) division of domain

Each decision variable now gets divided into ‘low’ and ‘high’. The output variable is
fuzzified into four fuzzy subsets viz. very low, low, high, very high as shown in Figure

5.9(b). Table 5.9 shows the function values at the cell centroids and corresponding

into 4 cells (b) fuzzification of output variable

rule base with its strength.

Table 5.9. Rule base for refined search domain (offline optimization)

Cell centroid Machining Rule base
(VR ,VF) cost (O) (vg—vp-C) Strength
122.5,145 1.882 Low—Low—Low 0.06
122.5, 155 1.879 Low—High-Low 0.23
127.5,145 1.883 High-Low-Low 0.00
127.5,155 1.881 High-High-Low 0.15

For obtaining minimum machining cost rule two is fired and the search space
confined to the domain: 120<v, <125 and150<v, <160. Figure 5.10 (a) depicts
various co-ordinate positions in the fuzzy domain and Figure 5.10 (b) shows the

corresponding machining costs. The cost of machining per component in this range

comes out to $1.88 (or I113; 1$ =360) per piece, as obtained by previous researchers

by different methods.

124

TH-1234_07610308




Fuzzy Set Approach to Optimization
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Figure 5.10. Optimum fuzzy domain (offline optimization) (a) co-ordinates of

decision variables (b) corresponding machining cost
5.4.2 Online Machining Optimization

In online optimization strategy employing fuzzy set based optimization the function
values at cell centroids are evaluated by obtaining tool life directly from the
machining process. Consider an optimization of online finish machining process to

obtain optimum cutting speed (v) and (f) for the maximum allowable surface

roughness (R, ). The depth of cut (d) during finish machining process is kept constant.
Let the target surface roughness (R!) is 80% of R,. Considering some statistical

variation in surface roughness the actual surface roughness (I%d) produced is kept
between the lower and upper limit with 20% variation from the target surface
roughness and it is0.8R] < IAQa <1.2R,. The demonstrated test problems on fuzzy set

based optimization do not have any constraints. However in online optimization
strategy the surface roughness must be satisfied and the problem become constrained
optimization. The search domain is bounded as v, <v<v_ and f . <f<f. ..
The cutting parameters are optimized to minimize the cost. The illustrative examples

are presented for turning and end milling processes
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5.4.2.1 Example 1: An Application to Turning Process

Consider a finish turning process having depth of cut of 0.5 mm to obtain maximum
allowable surface roughness value (R, ) of 2.5 um. The target surface roughness (R!)
is evaluated as 2.0 pm. The actual surface roughness may lie between 1.60 and 2.40
pm. The search domain is in the range 140-240 m/min for cutting speed and 0.04—
0.32 mm/rev for feed. The linguistic sub division of search domain is shown in Figure
5.11(a). Machining is performed at each of cell centroids. For conducting machining
experiments the semi-virtual lathe designed in Section 4.2 is used.

If the actual surface roughness (Iéa) obtained is within the limit, continue
machining till tool fails due to surface roughness and obtain tool life. The objective of
optimization is to minimize the machining cost of a component satisfying the surface

roughness. The objective function is given by the Eq. (4.8). The results are shown in

Table 5.10.
mm/rev
A A ) A
0321 ] S 1o Verylow  Low Medium High Very high
H| e ° o .
=
;‘S
0.23 o
2 5 8 .g—
M [ ] [ ] o _qg
5
0.13 i " - =
0.16]
L [ J [ ] [ J
0 f ! ! r ! >
0.04 > 3.71
140 1 173 M 207 H 240 VV 2.7 3.9 5.1 6.3 75
(m/min) Function value (/" x 10-%) (min/mm?)
(a) (b)

Figure 5.11. Fuzzy optimization (offline—turning) (a) linguistic division of search
domain (b) fuzzification of function values
Choosing Fmin:2.7x10_5 and Fm.dx:7.5x10_5 min/mm’ the output variable is
fuzzified into 5 fuzzy subsets as shown in Figure 5.11(b). Table 5.11 depicts the rule
base along with strength of the rules. As the problem objective is to minimize the
function value, the rule 5 having highest membership function is fired. The search

domain is reduced to173<v <207 and0.13< f <0.23.
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Table 5.10. Function values at centroids of each cell (online optimization)

Surface Is Function
Cell Cutting condition roughness R, within Tool life value
num obtained accepted (D) (F)
-ber v (m/min) f (mm/rev) ( ﬁa ) (um) range? (min) (x107°
min/mmz)
1 | 156.7 (ow) |0.09 (low) 2.79 No - -
2 11567 (low) | O0.18 (medium) 2.38 Yes 97.7 3.91
3 [ 156.7 (low) |[0.27 (high) 3.69 No - -
4 190 (medium) | 0.09 (low) 2.59 Yes - -
5 1190 (medium) | 0.18 (medium) 2.10 No 37.3 3.71
6 | 190 (medium) [ 0.27 (high) 3.33 No - -
7 1223 (high) |0.09 (low) 2.20 Yes 28.1 6.96
8 |223 (high) |0.18 (medium) 1.83 Yes 16.7 3.99
9 |223 (high) 0.27 (high) 2.67 No - -
Table 5.11. Rule base with strength of rules (online optimization)
Cell Cutting speed Feed Function value Membership
number W) () (F) grade
1 Low Low - -
2 Low Medium Low 0.99
3 Low High - -
4 Medium Low - -
5 Medium Medium Very Low 0.16
6 Medium High - -
7 High Low High 0.45
8 High Medium Low 0.93
9 High High - -

The new search is now initiated in the identified search domain, dividing it into

4 cells with the fuzzy sub-set being ‘low’ and ‘high’. This provides new domain:

TH-1234_07610308
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173<v<190and0.18 < f £0.23. In the obtained fuzzy domain the surface roughness

produced are in the range between 2.08 < IAQH <2.31 which is well within limits and the

function value has no significant variation, which is in the range of
3.3x107° < F <3.7x107.
Thus, with the given range of cutting speed and feed rate, the fuzzy set based

optimization provides the following solution:

173<v <190, 0.18< f <0.23. (5.8)

The cost of machining (C) comes out in the range of $0.14 < C <$0.17 per piece.
With small variation in cost the fuzzy set based optimization provides multiple
numbers of solutions. The optimum solution is obtained in eight iterations such that
four iterations are performed each in fuzzy machining 1 and fuzzy machining 2.
Figure 5.12 shows the position of optimum zone in the entire search space with the

black dot showing the iterative cutting conditions.

Fuzzy
e Machining - 2 ?
Fmm/rev) Machining - 1 %
A
032 0.23
s 6 9 H| ® [ ° 2.08<R <231
H 0.18 33x107 <F<37x107
L ° °
0.23 0.13
2 S 8 173 L 190 ] 207
M S ° ° 1.92<R <231
0.13 33079 <F<424107
1 4 7
L o
0.04

>
140 |, 173 5 207 g 240 v (m/min)

Figure 5.12. Optimum fuzzy domain (online optimization)

A number of other problems having depth of cut varying from 0.1 mm to 1.2
mm for different values of maximum allowable surface roughness are tested and the
results are shown in Table 5.12. The function value and surface roughness produced in

optimum fuzzy domain do not vary significantly
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Table 5.12. Results of different problem

Probl | Data set Surface
-em | (d R) Fuzzy optimum roughness | Function value Number
numb (mm pm) (Vopt ~ fopt) Range range (F) of
-er (m/min mm/rev) ( Iéa )(pm) (x10°min/mm?) | iterations
1 (0.1 3.00) | 224<v<240;0.18< f <0.23 | 1.95-2.55 24-29 9
2 (0.2 2.75) | 190<v<207;0.18< f <0.23 | 2.36-2.44 2.6-3.2 10
3 (0.3 3.25) | 223<v<240;0.18< f <0.23 | 2.69-2.97 2.3-2.7 9
4 (0.4 3.75) | 190<v<207;0.28< f <0.32 | 3.12-3.58 2.3-2.5 7
5 (0.5 2.50) | 173<v<190;0.18< £ <0.23 | 2.08-2.31 3.1-3.7 9
6 (0.6 3.00) | 207<v<224;0.28< f<0.32 | 2.61-2.73 2.6-2.7 10
7 (0.7 4.00) | 157<v<173;0.28< f <0.32 | 3.23-3.62 2.4-2.77 7
8 (0.8 2.60) | 173<v<190;0.18< £ <0.23 | 1.71-2.34 3.2-39 8
9 (0.9 4.00) | 157<v<173;0.28< £ <0.32 | 2.65-3.09 2.5-2.8 7
10 | (1.0 3.50) | 157<v<173;0.28< f <0.32 | 2.52-2.77 2.5-2.9 11

5.4.2.2 Example 2: An Application to End milling Process
The online optimization is tested for optimization of end milling process. In
optimization of finish end milling process the process parameters i.e., cutting speed
and feed are optimized to minimize the cost, as depth of cut remains constant in the
finish machining process. Figure 5.13 shows schematic view of end milling process
showing different process parameters.

In end milling operations the production time per component can be determined

by

. __#LD [Hf_cj, (5.9)
1000vf 'z T

where L is the machining length, D is the cutter diameter, v is cutting speed, [~ is feed
per tooth and z is number of tooth, ¢, is the tool/cutter change time, and 7 is the tool

life for particular cutting condition.
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I
Cutting speed (v)| <o

Depth of cut (d) '
u !
I

T
Work piece

40
Feed/tooth (f° ’)J MCutter diameter

Figure 5.13. End milling process

The tool life is a function of cutting velocity, feed and depth of cut. Tolouei-Rad
and Bidhendi (1997) proposed an empirical relation to evaluate tool life 7 for end
milling process as

T =6O[C(02‘“”J (5.10)
0 (af)"v
where T is the tool life in minutes, v is the cutting speed in m/min, C; is the constant

for 60 min tool life when the area of cut is 1 mm®, f is the feed in mm/rev (= f'xz), d is

the depth of cut in mm, and g, w, and n are exponents for different tool and work
material combination. The factor Q is contact proportion of cutting edges with work
piece per revolution.

If Cy is the operating cost in $/min, and C, is the tool change cost in $/cutting

edge, then machining cost per job is given by

C=C0Tp+sz[ﬂ-—DL], (5.11)
1000vf ' 2T
Substituting the value of 7, from Eq. (5.9) in Eq. (5.11),
Czcoﬂ[l#jﬂcw[”_m} (5.12)
1000vf 'z T 1000vf ' zT

With the constant values of costs, length and diameter, the objective function to
minimize machining cost is expressed by the function F in Eq. (4.8), in which £, =1,

+ zC,/Cy. Considering ¢, = 5 min, the equation reduces to two-variables (f and v)
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problem. This function is optimized using fuzzy optimization method, thus optimum
cutting speed and feed per tooth are obtained satisfying the maximum allowable
surface roughness within its control limit.

Consider a finish end milling of 6061 aluminium alloy using HSS end mill
cutter. The cutter diameter is 19 mm. Optimum cutting parameters to be obtained for
machining 0.8 mm depth of cut to obtain maximum allowable surface roughness value
(R)) of 3.25 um. The target surface roughness ( R!) is evaluated as 2.6 pm. The actual
surface roughness may lie between 2.08 and 3.12 um. The search domain is in the
range 45-90 m/min for cutting speed and 0.03-0.23 mm/tooth for feed. The linguistic
sub division of search domain is shown in Figure 5.14 (a). Machining is performed at
each of cell centroids. For conducting machining experiments the semi-virtual milling

(Appendix C) is used using experimental datasets from Lou and Chen (1999). If the
actual surface roughness (ﬁa) is satisfied, continue machining till tool fails due to

surface roughness and obtain tool life time. The objective of optimization is to
minimize the machining cost of a component satisfying the surface roughness. The

objective function is given by the Eq. (5.13). The results are shown in Table 5.13.

f’(mm/tooth)
A
0.23 - A
3 6 . A
H| o ) ° | oYerylow Low  Medium High  Very high
3
0.16 [ 7 - :
o . o £0.64f-------
" i
0.10 £
1 4 7 E
L ® ® °
0.03 P Eow TR 1 [ S
' > ‘ 325
45 L 60 M 75 H 90 v 10 17.5 25 40

(m/min) Function value (F x 102)(min/mm?)

Figure 5.14. Fuzzy optimization (online—end milling) (a) linguistic division of search

domain (b) fuzzification of function values
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Table 5.13. Function values at cell centroids (online—end milling)

Cell Cutting R Function
No. condition (v, f*) obtained R satisfied? value (F)
(min/mmz)
1 (52.5, 0.06) 2.08 No -
2 (52.5,0.13) 3.26 No -
3 (52.5, 0.20) 4.43 No -
4 (67.5, 0.06) 2.28 Yes 0.237
5 (67.5, 0.13) peIs Yes 0.127
6 (67.5, 0.20) 4.78 No -
7 (82.5, 0.06) 2.22 Yes 0.200
8 (82.5,0.13) 3.09 Yes 0.135
9 (82.5, 0.20) 4.92 No -

Choosing Fin= 0.1 and Fy.x= 0.4 the output variable is fuzzified into 5 fuzzy subsets

as shown in Figure 5.14 (b). Table 5.14 depicts the rule base along with strength of

the rules. As the problem objective is to minimize the function value, the rule 5 having

higher strength of membership grade is fired. The search is now refined in the

corresponding cell number i.e., cell 5.

Table 5.14. Rule base with strength of rules (Online—end milling)

Cell Cutting speed — feed Function Membership

number value (F) grade

1 Low — Low - -

2 Low — Medium - -

3 Low — High - -

4 Medium — Low Low 0.17

5 Medium — Medium Very Low 0.64

6 Medium — High - -

7 High — Low Low 0.67

8 High — Medium Very Low 0.53

9 High — High - -
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Thus, the search domain is reduced to 60 <v <75 and0.10< f'<0.16 . The new
search is now initiated in the identified search domain, dividing it into 4 cells with the
fuzzy sub-set being ‘low’ and ‘high’. This provides new domain:67.5<v <75
and0.10< f'<0.13. In the obtained fuzzy domain the surface roughness produced are
within the limit and the function value produced in the range has no significant
variation. The optimum parameter is obtained in six iterations. Figure 5.15 shows the
position of optimum zone in the entire search space with the black dot showing the

iterative cutting conditions.

Fuzzy Fl'lZ'Zy
ﬂn] ' Machining - 1 OI:’lachmmg -2 °8 {.?{/
0.23 . /jﬂ
3 6 9
i 1% 75
0.16 vl " 1 7275<R, <3.00
2 5 8 :
60 75 0.13<F<0.15
M ° ° .
387<R <338
0.10 . ; . 0.12< F <£0.15
L ° ° °
0.06 >

45 L 60 M 75 H 90 ymmin

Figure 5.15. Fuzzy optimum domain (Online—end milling)

In the present case, the optimum cutting condition (v, and f°,,) corresponds to
centroids of fuzzy domain is: 71.3 m/min and 0.13 mm/tooth. The result is validated
using exhaustive search method. The machining cost for producing one component at

optimum cutting condition is calculated as $0.2028 (% 12.20).

5.5 Advantages and Limitations of Fuzzy Set Based Optimization

The fuzzy set based optimization procedure proposed in this thesis has some similarity
with fuzzy inference system and some traditional optimization methods such as grid
search method and response surface methodology. If the problem contains a large
number of decision variables, the procedure will take enormous amount of
computational time. It is felt that if the rules could be generated by experts or some

efficient technique for the rule generation is employed, this method can emerge as a
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viable alternative to other optimization methods. This optimization procedure has the

following advantages over the other methods.

A

The procedure provides number of solutions having feasibility for alternative
selection of optimum cutting condition.

As the procedure is based on linguistic subdivision of the domain, a range is
obtained in which the objective function value does not change drastically.
Thus, one can get a feel of sensitivity in this procedure.

An expert knowledge can easily be incorporated and the procedure can be
made interactive.

When the information contains uncertainty and imprecision, the procedure is
much more effective than other methods.

If the function values have to be obtained by online experimentation, the
procedure gains much importance, as in this procedure most of the search is
confined to better regions. Therefore, during the process of search also, one is
not very far away from the optimum.

The information such as actual surface roughness produced, tool life, function
value and the cost of machining are obtained at iterative cutting conditions and
could be used for online learning of the machining process.

Iso there are some limitations of the method too. If the function changes

abruptly or a very high accuracy in decision variables is required, the procedure will

take more time/iteration compared to many available optimization methods. The

method is dependent on the efficiency of the rule generation module and appropriate

fuzzification of the variables.

5.6 Experimental Validation of Fuzzy Set Approach to Online

Machining Optimization

The experimental demonstration of fuzzy set approach to online machining

optimization is presented here. The strategy does not require a priori machining

models

. It also acknowledges the presence of statistical variation in the process. The

optimization procedure is described in Section 5.2. For simplicity of experimentation
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instead of machining at all cell centroids, the search is initiated in ‘high-high’ cell.
Machining is carried out and surface roughness is measured. If the cutting condition
satisfies surface roughness constraint, continue machining till tool fails. Evaluate
machining cost/piece. Initiate the search in other cells by reducing ‘v’ with ‘f
remaining same (i.e., scanning horizontally) and identify minimum cost cell. The
search is initiated further by varying ‘f with ‘v’ corresponding to minimum cost cell.
Figure 5.16 shows the procedure to find minimum cost zone. Here, the minimum cost
is found by combining two one-dimensional searches (along horizontal and vertical
lines). The cell that obtains minimum cost/piece satisfying surface roughness is the

optimum cost zone. The cell centroid is the optimum cutting condition.

f A 2. Scan vertically to find
v optimum feed zone

Begin
Minimum cost zone

(v, f) satisfies surface
|
roughness

N 1. Scan horizontally to
find optimum velocity
zone

.
.

T
o - i%/

I M

Figure 5.16. Procedure to find minimum cost zone

In case of virtual machine the prediction of surface roughness for particular
cutting condition (v, f) is deterministic in nature. However it needs to be tested for
randomness. Therefore, in experimental validation the machining is performed again
at the optimum cutting condition and the result may differ due to randomness.
Estimate new machining cost/piece and find out (average cost/piece),. Based on
hypothesis testing, find out the other points at which machining can be carried out
without significant change in machining cost. The experimental demonstration is

presented in the following subsection.
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5.6.1 Experimentation

Consider that the optimum process parameters for a finish turning process are to be

found for a depth of cut of 0.2 mm and allowable surface roughness value (R, ) of 2.5
um. The target surface roughness (R!) is 2.0 pum. Considering some statistical
variation in surface roughness, let actual surface roughness (I%d) should be such
that0.8R" < R, <1.2R', where R" is the target surface roughness and is taken as 80%

of R . Thus, the actual surface roughness may lie between 1.6 and 2.4 ym. Consider

the search domain with the range of cutting parameters 140-240 m/min and 0.04-0.28
mm/rev is considered for cutting velocity and feed respectively. The search domain is
divided into a number of cells with linguistic sub division being low, medium, and
high. The range of cutting velocity is divided equally into three fuzzified zone such as
low (140-173 m/min), medium (173-207 m/min) and high (207-240 m/min).
Machining is initialized at ‘high-high’ cell with centroid cutting condition as v=223
m/min and f=0.24 mm/rev.

Machining is carried out on HMT make NH-26 lathe. The work material is cold
rolled steel bars and TiN coated carbide tool is used as cutting tool. The spindle was
driven with three-phase 11 kW induction motor having 23 speeds ranges between 40
and 2040 rpm and 27 different feeds ranging from 0.04 to 2.24 mm/rev. Figure 5.17
shows experimental setup showing workpiece and cutting tool. The cutting tool used
for the experiment was square shaped and having TiN coated carbide designated as
SNMG 12 04 08-PM of make: Sandvik. The ASA tool signature is designated by (-9)-
(-5)-7-7-30-1-0.8. The compatible tool holder was PTGNR 2020 K16 of make:

WIDAX. The work material diameter was 35 mm and length was 100 mm.
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Spindle Workpie¢
speed 7 4

Figure 5.17. Experimental setup
The CLA surface roughness values of the turned component is measured using Pocket
Surf (Mahr, GMBH). The measuring range is 0.03—6.35 pm. The surface roughness
evaluation length in each case is taken as 2.4 mm. Figure 5.18 shows online surface

roughness measurement of workpiece with Pocket Surf instrument.

/

- p— Y

Figure 5.18. Surface roughness measurement

The surface roughness obtained at cutting condition v=223 m/min and f=0.24
mm/rev, is 3.12 pum. Since it does not satisfy the limit, the machining is now
performed by reducing feed, moving to ‘high-medium’ cell i.e., at (223 m/min, 0.2
mm/rev) and continued further till desired surface finish is obtained. The surface

roughness obtained at ‘high-low’ cell (223 m/min, 0.08 mm/rev) is 2.14 pm that
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satisfies the limit. Now, machine a number of jobs till tool fails due to surface

roughness. While machining at this cutting condition (i.e., 223 m/min, 0.08 mm/rev)

the actual surface roughness (I%d) obtained are given in Table 5.15.

Table 5.15. Measurement of actual surface roughness and tool life at cutting speed of

223 m/min and feed of 0.08 mm/rev

Job diameter (D): 35 mm
Length of machining (L): 100 mm

Maximum allowable surface roughness (R,) = 2.5 pm

Limit of surface roughness: 1.6-2.4 pm

Experiment/Job Actual surface roughness obtained Is actual surface
number ( Iéa) (um) roughness within limit?
Job 1 2.14 Yes
Job 2 2.10 Yes
Job 3 2.21 Yes
Job 4 2.26 Yes
Job 5 2.32 Yes
Job 6 2.34 Yes
Job 7 242 No

Number of jobs produced: 06

The tool life is based on surface roughness criterion is given by the period that
tool and work piece are in contact during machining the job. The calculation is as
follows:

Machining time/job =t _ L _zDL__ 7x35x100 _ 0.62 min.
/AN vf  1000%x223x0.08

Tool life (T) = tn x number of jobs produced = 0.62 x 6 = 3.72 min. In similar way
actual surface roughness and tool life were evaluated for different cutting conditions.
Taking operating cost (Cp) is 0.07 $/min, tool change cost (Ci.) is $2.5 and tool change

time (%) is 1 min, the machining cost/piece is evaluated using Eq. (4.7) is $0.47.
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Now machining is carried out at other cell centroid conditions that satisfy
surface roughness by reducing v while keeping f constant (i.e., scanning horizontally);
machining cost is evaluated. The cost of machining is minimum at ‘medium-low’ cell
(centroid cutting condition: 190 m/min, 0.08 mm/rev) and it is $0.42. Further search is
initiated by varying f with v=190 m/min (i.e., scanning vertically). The cost of
machining is minimum at ‘medium-medium’ cell, providing the rule: “If v is medium
and f is medium then machining cost in minimum”. The machining cost/ piece is
$0.29 at centroid cutting condition of 190 m/min and 0.16 mm/rev. The results of

different cutting conditions are presented in Table 5.16.

Table 5.16. Results of different cutting conditions (1*' iteration)

Centroid Surface
Cell cutting conditions roughness Accepted | Cost of
num obtained (R, ) | ©r not? machining
-ber v(m/min) f (mm/rev) o) ) ($)
1 223 (High) 0.24 (High) 3.12 No -
2 223 (High) 0.16 (Medium) 2.80 No -
3 223 (High) 0.08 (Low) 2.14 Yes 0.47
4 190 (Medium) 0.08 (Low) 2.20 Yes 0.42
5 157  (Low) 0.08 (Low) 2.25 Yes 0.49
6 190 (Medium) | 0.16 (Medium) 2.38 Yes 0.29
7 190 (Medium) 0.24 (High) 3.14 No -

Figure 5.19 shows the division of search domain into 9 cells. The black dots

show selected machining condition and shaded portion (Cell 6) shows minimum cost

zone obtained in first iteration. The new search is now initiated in the identified

(medium-medium) cell.
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Figure 5.19. The minimum cost zone (1*" iteration)

The search domain is now reduced to 173<v<207and0.12< f <0.2 and second

iteration is initiated. The new domain is divided into 4 cells with the linguistic sub

division being ‘low’ and ‘high’ as shown in Figure 5.20. Machining at ‘high-high’ cell

with cutting condition as (199 m/min, 0.18 mm/rev) obtains surface roughness value

of 2.28 um and tool life is found to be 4.0 min. The constrained machining cost of

second iteration is $0.19.

f(mm/rev)
0.20
2
H °
0.16
3
L ®
0.12
173 L 190

>
H 207 vV (m/min)

Figure 5.20. The minimum cost zone (2nd iteration)

The results of different cutting conditions in search of minimum machining cost/piece

are presented in Table 5.17. The minimum cost zone of second iteration (i.e., optimum

zone) is 190<v <207 and0.16 < f <0.2. The centroid cutting condition (199 m/min,

0.18 mm/rev) is the optimum.
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Table 5.17. Results of different cutting conditions (2nd iteration)

Centroid Surface
Cell cutting conditions roughness | Accepted | Cost of machining
No. obtained or not? (GX))
v(m/min) f (mm/rev) ( ]%a ) (m)
1 199 (High) | 0.18 (High) 2.28 Yes 0.19 (Minimum)
2 182  (low) 0.18 (High) 2.32 Yes 0.24
3 199  (High) 0.14 (Low) 2.20 Yes 0.21

Machining second time at optimum cutting condition, the tool fails after 14
components and tool life is found as 4.3 min; total machining cost/piece is $0.20. The
average cost/piece at optimum cutting condition is $0.195. In the optimum zone,
experiments are carried out at a number of points varying both cutting velocity and
feed. In this work, due to availability of discrete feed values in the machine, only
cutting velocity is varied here. Figure 5.21 shows the various points in which
machining are carried out at optimum zone. At each cutting condition machining is
carried out twice, till tool fails and average cost/piece is evaluated. The results are

shown in Table 5.18.
f (mm/rev)
A

199
0.20 '

H 0.18

0.16 i

L

0.12

>
173 L 190 207 y(m/min)

Figure 5.21. Machining at optimum zone
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Table 5.18. Results of different cutting condition

Cutting Surface roughness Tool life Average
Serial conditions obtained Obtained cost/piece
number (v, ) (R.) (um) (T) (min) ©) $)
(m/min, mm/rev)
1 195, 0.18 2.28 5.0 0.185
2.30 4.6
2 203, 0.18 2.26 4.0 0.23
2.28 3.6
3 190, 0.18 2.34 4.0 0.21
2.32 3.8
4 207, 0.18 2.24 29 0.265
2.20 3.1

The minimum average cost/piece is at point 1 (i.e., $0.185). It is less than the average
cost/piece at optimum cutting condition (i.e., 199 m/min, 0.18 mm/rev), which is
$0.195. The minimum average cost point is chosen as ‘true optimum’ and is
corresponding to point 1. The cutting condition is (195 m/min, 0.18 mm/rev).

Hypothesis testing is carried out to assess the repeatability of the results.

5.6.2 Test of Significance using Student’s ¢-test

For small sample size the test of significance is carried out based on Student’s r-test.
Replicate experiments are carried out at ‘true optimum’ cutting conditions to evaluate
tool lives and total machining cost. Machining five times the tool lives are 4.3, 5.0,
4.3, 4.3, and 4.7 min; the total machining cost/piece are $0.21, $0.18, $0.21, $0.21,
and $0.195 respectively. The five data sets are considered as a sample. The mean cost

is $0.20 and standard deviation is $0.01. The results are shown in Table 5.19.
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Table 5.19. Results of replicated experiments

Cutting condition (v, f): (195 m/min,0.18 mm/rev)
Length of machining (L): 100 mm;

Limit of surface roughness: 1.6-2.4 um

Experiment Number of jobs Tool life Total machining
number turned (T) (min) cost/piece (C) (%)
Replicate 1 14 4.3 0.21
Replicate 2 16 5.0 0.18
Replicate 3 14 4.3 0.21
Replicate 4 14 4.3 0.21
Replicate 5 15 4.7 0.195

Sample size (n): 5 ; Mean cost (/£ ): $0.20
Standard deviation (c): $0.01

The Student’s ¢-test is used to compare the significance between the cutting
conditions. The z-statistic for the test of significance is given by
XU
7

where /is the population mean. At 95% confidence level, for 2 tailed and 4 degree of

=

) (5.13)

freedom the fcitica 1S 2.776. This gives x in the range of 0.19 and 0.21. Hence, all
cutting conditions in which cost/piece varies from $0.19 to $0.21 are not significantly
different from optimum cutting condition and machining can be performed at these

points. The data obtained can be stored to train a neural network.

5.7 A Note on Tool life Enhancement Strategy with Cloud Support

In finish turning, tool life is evaluated based on two different criterion, maximum
surface roughness criterion and maximum flank wear criterion. If the tool fails due to
maximum flank wear, it cannot be reused. However, if tool fails based on the
maximum surface roughness criterion, then there is a possibility to enhance its life by

operating at changing cutting condition. Merdol and Altintas (2008) proposed online
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tuning of cutting conditions to maximize metal removal rate satisfying the machining
constraints. The preprocess optimization provides allowable depth and width of cut
satisfying chatter constraint and post process optimization tunes only feed rate. They
have tested the algorithm in machining a helicopter gear box cover.

Sarma and Dixit (2009) presented environment-friendly strategies for efficient
utilization of cutting tools in finish turning process. They conducted a number of
experiments on the dry and air-cooled turning of steel. The tool consumed in air
cooled turning is used for dry turning. The proper selection of reduced feed rate
improves the surface finish value and it is decided without increasing the cost. They
also tested the proposed strategy in the shop floor. Let fo, and vy are the optimum
feed rate and cutting velocity and T be the tool life at optimum cutting condition. After
tool fails the feed is reduced to f; and the tool life obtained is 7.

The cost/piece corresponds to optimum cutting condition (Coy) 18 obtained by
using Eq. (4.7). While reusing the tool operating at reduced feed rate the cost /piece is

given by

c =, LD (1+t—°j. (5.15)
lvopt 71

The reusing of the tool will be economical if C, <C,,. The required condition for

economical machining is

c, 22 [1+t—°J<c0 D (1+ij (5.16)
,flvgp[ Ti fnptvnpt T
t
1+-<
e ]
or fo—t 2l (5.17)
t
14l
T

Since ¢ is very small fraction of the tool life, then the value of the reduced feed rate
(f1) that follows the Eq. (5.17) will be economical.

f opt

1+ th /C()

fi> (5.18)
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Here at optimum cutting condition (195 m/min, 0.18 mm/rev) tool fails at 4.3 min.
Taking Co= $0.07/min, C= $2.5, fop=0.18 mm/sec, 7=4.3 min, we get f;>0.02 mm.
Therefore, the reduced feed rate should be above 0.02 mm/rev but below the optimum
value. It is safe to operate at lower value at which the surface roughness is expected to
be well within the limit. The tool reused at feed 0.04 mm/rev produces 16
components and tool life is found as 22.4 min. The actual surface roughness of the
components is in the range of 1.62-2.36 um. The cost/piece is $0.26. Alternatively, if
some one operates at any other feed rate in the range, the cost/piece will be different.
Over long period of time, number of data is generated, which can be stored on cloud.

Once enough datasets are obtained, optimum feed in the range can be decided.

5.8 Summary

In this Chapter, a fuzzy set based optimization methodology has been proposed that
optimizes general engineering problems. The optimization procedure is demonstrated
and tested with two standard test problems and the results are compared. The
application of fuzzy set based optimization methodology is demonstrated with number
of examples. The online optimization process generates a lot of real life data which
can be used to developing predictive models and online learning of the machining
process in a cloud computing based optimization system. The experimental validation
of online machining optimization based on fuzzy set approach optimization procedure
is also presented. The machining experiments are carried out on cold rolled steel work
piece using TiN coated carbide tool. The strategy also acknowledges the presence of
statistical variation in the process. Student’s r-test is performed to compare the
significance between the cutting conditions. The proposed optimization strategy is
expected to be efficient for the problem with a large number of design variables. The
strategy of reusing the failed tool by modified cutting conditions is also implemented

on the shop floor.
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Chapter 6

Development of Interactive Machining System for
Cloud Computing

6.1 Introduction

The optimum selection of machining parameters and its successful implementation
in shop floor is very important for manufacturing industries. Recently, cloud
computing evolved from web based technologies is gaining popularity now. The
proposed online optimization strategy can be combined with web or cloud
computing based machining system. The manufacturers at different locations will be
using the methodology and gives machining feed back to the system. Therefore, it is
essential to develop the technique for easy implementation of the procedure in the
shop floor.

In literature, Wang and Jawahir (2004) have developed a web-based, user
interactive expert system for optimization of single-pass milling process for
obtaining optimum cutting conditions using genetic algorithm. The system allows
the user to access relevant data base. According to user’s request/input the results
are evaluated and HTML documents are generated to send the corresponding
information to the user. Wu and Liao (2005) developed an internet-based machining
parameter optimization and management system using genetic algorithm for high
speed machining process. Zheng et al. (2008) developed a web-based machining
parameter selection system for agile turning which provides user appropriate
selection of machine tools, cutting tools, and cutting parameters for reduction in
product life cycle cost and increase in product quality.

In this thesis, an interactive menu driven system is developed for easy shop
floor implementation of the proposed heuristic based online optimization procedure.

A number of user interactive screens are designed and is coded in MATLAB®
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(R2010a) Graphical User Interface (GUI). The screen accepts machining
informations from the user as well as displays the cutting conditions or instructions.
The machine tool operator will follow the instruction and operate the machine tool
accordingly. Thus, the user does not require to aware of the heuristic algorithmic
procedure for optimizing the machining process. In this chapter, the development of
interactive screens for the implementation of online optimization procedure is
presented in Section 6.2. Section 6.3 describes the interactive menu driven system
developed for finish machining process in a tabular form. Also, typical screenshots
are presented. The illustrative examples for the interactive menu driven system for
online optimization of multipass turning and end milling processes are presented in

Section 6.4. The summary of the Chapter is presented in Section 6.5.

6.2 Methodology

Based on online heuristic procedure the machining informations are transacted
between the user and the system. The interactive menus are suitably designed for
easy interaction by the user. The different menus are interlinked so that the user is
able to receive and input the required details. The presentation layer i.e., namely
GUI of MATLAB® (R2010a) is used in this work. The basics of the menu
development are discussed in Section 3.4 of Chapter 3. The scheme for online
optimization of multi pass machining process is attempted here.

The user enters basic informations about the process to be optimized. The
input informations include: (i) tool and work material, (ii) workpiece or cutter
diameter, (iii) length of machining, (iv) total depth of stock to be removed, (v)
maximum allowable cutting force, (vi) maximum allowable surface roughness and
(vii) limits of cutting parameters. On receiving the informations, the system suggests
initial cutting conditions for machining. The user implements the same and initiate
online optimization process. The result of machining process such as actual cutting
force and surface roughness are entered into the system. Based on this improved
cutting conditions are suggested. The process optimization is to minimize the cost
which is of two variables problem. Three initial cutting conditions are required to
initiate the optimization process. Three set of initial cutting conditions ((vi, f1), (va,

f») and (v3, f3)) that satisfy the constraints are identified. The corresponding
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machining cost is evaluated optimization is initiated. The parameters are optimized
for roughing as well as finishing process while producing the components.

‘Pop-up’ windows are used for entry of workpiece and tool material selection.
It facilitates easy selection of the appropriate material from the available list through
pull down menu, using mouse click. ‘Edit text’ windows are used for entry of data
such as work material diameter, length, maximum allowable surface roughness,
constraint values of the process parameters, etc. Once all the entries are completed
‘push button’ switch with label ‘PRESS’ is used by the user to continue with the
present menu layer in the online optimization process. The details of the interactive

menu screen and screenshot picture are presented in the subsequent section.

6.3 An Operator Interactive Machining System

The interactive machining system is designed for easy shop floor implementation of
heuristic based online optimization of the cloud computing system. Table 6.1 shows
the description of the menu development for online optimization of finish machining
process. The input/output information provided into/by the system with appropriate
details and screen number is described. The screens are suitably designed to follow
algorithmic procedure used for optimization.

The screen 1 accepts the information from the operator and screen 2(a) display
initial cutting condition to be used for machining. Based on selection of cutting
speed the required spindle speed is displayed for easy implementation of cutting
condition by the operator. The actual surface roughness obtained is entered into the
system in the screen. The system verifies the surface roughness and if it is
acceptable within the limits the screen 2(c) displays the instruction for record of the
tool life. Otherwise, the cutting condition with modified feed is displayed in screen
2(b) for further machining. Similarly three set of cutting conditions with actual
surface roughness and tool life are obtained. The system evaluates the function
values and initiates simplex optimization. The iterative cutting conditions are
displayed and feed back is accepted in the screen 5. The optimum cutting parameters
are displayed finally in screen 6. Screen 7 displays the report generation and the real
machining data sets are stored in the cloud database. The typical screen snapshots of

the developed system are shown in Figure 6.1.
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Table 6.1. Details of interactive screen for online finish machining process

Serial

number

Description

Data recorded/displayed

Screen details

Accept the details of

machining process.

Work material, tool material,
required surface roughness,
work diameter, depth of
machining and machining

length

SCREEN 1

Display first set of cutting
condition to perform

machining and obtain

actual surface roughness

Display cutting speed (v)
and feed (fi). Record actual
(R,)

surface  roughness

obtained.

SCREEN 2(a)

If 08R' >R, display

modified cutting
condition. Record Iéa of

the cutting condition. (It

continues till
0.8R' <R, <1.2R!

achieved).

Display the modified feed.

SCREEN 2(b)

Instruct to machine
continuously and record

tool life.

Record tool life (7).

SCREEN 2(c)

Ifﬁa > 1,2R; , Display

message.

Display “Surface roughness
cannot be achieved with this
tool

set of work

combination”.

SCREEN 2(d)
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Display second set of | Display cutting speed (1)
6 cutting condition and | and feed (f;). Record actual SCREEN 3(a)
record R of the cutting | surface roughness (R,)
condition. obtained.
On satisfying desired
7 limit, display instruction SCREEN 3(b)
for machining | Record tool life (7).
continuously and record
tool life.
Display third set of | Display cutting speed (v3)
8 cutting condition and | and feed (f3). Record actual SCREEN 4(a)
recordﬁd of the cutting | surface roughness (ﬁd)
condition obtained.
On satisfying desired
9 limit display the SCREEN 4(b)
instruction to machine | Record tool life (73).
continuously and accept
tool life.
Simplex optimization is performed
Display iterative cutting | Display v and f. Record Ra
10 conditions to be operated and T. SCREEN 5
and record its response.
Display optimum cutting | Display v,,; and f,;.
11 condition and record its | Record R and T at optimum SCREEN 6
response. condition.
Record real machining data
Generate report. Store it | getg v, f, ﬁa’ T, Fi), SCREEN 7
12 in a database. optimum data set (Vops, fopss
Iéa T, F,,) and machining
time/job (7},,).
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ONLINE MACHINING OPTIMIZATION

SELECT MACHINING PROCESS  END MILLING J

) SCRER 2e) E)E&

SELECT FOLLOWING INITIAL CUTTING CONDITIONS
Enter the following data:

Work piece Material AuminumAloy - Tool material High speed steel -| (Cutting velocity) Spindle speed: (901433 (m/min) rpm

; : it Cutter feed rate : 0025 mmitooth
Diameter of Workpiece/Cutter 20 mm Length of machining 200  mm

- Perform Machining. Measure the Surface Roughness of the Job.
Depth of machining 06 mm

Enter Surface Roughness Obtained: micron
Maximum allowable Surface Roughness required 3.0 micron
[Press| [ press |
(a) Screen 1 (b) Screen 2

Figure 6.1. Snapshots of the interactive screen
This interactive method of online machining methodology optimizes the
cutting condition in subsequent machining of component. The surface roughness of
the job produced is well within limit. The report generation screen which displays

the real machining data sets viz., cutting speed (v), feed (f), depth of cut (d), actual
surface roughness obtained (Iéa ), tool life (7), function value (¥) and machining

time. Similarly, the screen details for rough machining process also developed

considering the different constraints employed.

6.4 Examples

In this section the web implemented interactive machining system for online
optimization of multi pass machining process is demonstrated. The optimization of
multi pass machining process constitute: (i) optimization of roughing passes and (ii)
optimization of finishing pass. The process parameters i.e., cutting speed and feed
for roughing and finishing passes are optimized to minimize the machining cost. In
this section the illustrative examples for multi pass machining of two common

machining processes viz., turning and milling process is presented.

6.4.1 Interactive Based Online Optimization of Multipass Turning Process
Consider a multipass turning process to be optimized for obtaining optimum process

parameters. Let total depth of stock to be removed is 3.0 mm and allowable surface

roughness value (R)) is 3.25 pm. The maximum allowable cutting force is 1000 N.

The  variable  bounds of the process arel40<v(m/min)<238,
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0.04 < f (mm/rev) <0.32,

0.1<d(mm)<1.0. The input information for the

optimization problem is shown in Table 6.2. Figure 6.2 shows snapshots of the input

screens. For optimizing the problem actual machining has not been carried out.

Instead a code was written for making a semi virtual lathe and the design is

presented in Section 4.2. Actual machining experiments are replaced by simulated

results.

Table 6.2. Input details

Description Typical Input data

Machining details:
Process Turning
Workpiece material Steel (0.4 % C)
Tool material TiN coated Carbide
Diameter of workpiece 30 mm
Length of machining 100 mm
Maximum depth of stock to be removed 3.0 mm
Constraints details:
Allowable cutting force 1000 N
Allowable surface roughness 3.25 pm
Cutting speed (Lower bound) 140 m/min
Cutting speed (Upper bound) 238 m/min
Feed (Lower bound) 0.04 mm/rev
Feed (Upper bound) 0.32 mm/rev
Depth of cut (Lower bound) 0.1 mm
Depth of cut (Upper bound) 1.0 mm

o 8 — 5y
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ONLINE MACHINING OPTIMIZATION

SELECT MACHINING PROCESS:  TURNING
Enter the following data

Work Piece Material: Steel ~  Tool Material: TiN Coated Carbide ~

Diameter of Workpiece/Cutter: 30 | mm Length of Machining: 100 mm

(a) Machining details

INPUT CONSTRAINTS

Enter maximum allowable cutting force : 1000 N
Enter allowable surface roughness ~ : 3.25 ' micron

Enter parameter bounds :

Cutting speed (m/min) LB 140 UB 238
Feed (mm/rev) 4 LB o004 UB 032
Depth of cut (mm) : LB o1 uB 1.0

(b) Constraints details

Figure 6.2. Snapshots of screen for input details
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The online optimization roughing process starts with selection of initial cutting
condition suitably so that actual cutting force is within limit. The depth of cut in all
roughing process is taken as equal. The number of passes is decided such that the
maximum depth of cut constraint is not violated. In the present problem depth of cut
for finishing and two roughing passes comes out as 1.0 mm.

The formulation of optimization problem is presented in Section 4.6.1. The
cutting speed and feed of roughing passes are optimized using Eq. 4.18. As the
optimization function is a two variable (v, f) problem, three initial machining
conditions are generated and is optimized using simplex search method. The three
cutting conditions are selected as (vi, f1), (1.1vy, f1) and (1.1vy, 1.1f}). For the present
problem initial cutting condition is vy (= Vi) as 140 m/min and fi (= fin) as 0.04
mm/rev is chosen. The cutting force is obtained as 386.3 N, which is within limit.
The machining is continued with first set of cutting condition (v = 140 m/min, f =
0.04 mm/rev, d = 1 mm/pass) till tool fails. The obtained tool life 315.2 minute is
entered in the system. The snapshots of the interactive screens are as shown in
Figure 6.3. The display of spindle speed along with cutting speed facilitates operator

for quick setting of cutting parameters.

) window2 [@ES]
ROUGHING OPERATION
SELECT FOLLOWING INITIAL CUTTING CONDITIONS

(Cutting Velocity) Spindle Speed: (140)1486 (m/min)rpm

Tool / Cutter Feed Rate . 0.04 |mmirev
Depth of cut/pass D10 mm ACTUAL CUTTING FORCE IS WITHIN THE LIMIT

CONTINUE MACHINING TILL TOOL FAILS
Perform Machining. Obtain actual cutting force developed.

Enter actual Cutting foce : N Enter the obtained tool life: min.
PRESS ‘
(a) Display of initial cutting conditions (b) Tool life entry

Figure 6.3 Snapshots of the screen during roughing process.

As different machine tool operators employ this methodology, the real tool life
data are supplied to the clouds. These data are fine tuned at the server side by
adoption of cloud computing feature and help to optimize the machining process.
The feedback is provided to the users via cloud service. The use of cloud computing

combines multiple machining data and provide comprehensive result to the users.
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As an example consider tool life data of 12 machine tool operators, in which 3

machines predicted the tool life that follow Taylor’s extended tool life function as
vT()AZf()AISd()AIS — 273 (6 1)
and the other 9 machines follow tool life function as
VT042f0418d0412 — 276 . (62)

For equal depth of cut in all roughing passes the tool life become function of T(f,v).
The rough machining cost per piece is obtained from Eq. 4.18 of Section 4.6.1 of
Chapter 4. Let Cr; and Cgrz be the rough machining cost per piece obtained using
tool life data with 3 machines and 9 machines respectively. Now substituting m=2

passes and dg=1.0 mm/pass Eq. 4.18 is obtained as

- 7L ZLve "7
G —[CO - (2D, —-2)+(Cyt.+C,) T (2D, —2)+3Ct, 6.3)
and
JZ'LV 0.1
Cro = (2D -2)+(Cyt, +C, )—(2D0—2)+3C0t,
Cou T i (6.4)

where Cj is the operating cost in $/min, and C is the tool change cost in $.
Based on probabilities of tool life functions of 0.25 and 0.75 the roughing cost

per piece is

025
C, 025{ = 2D, -2)+(Ct. +C )”Lva (2D,~2)+3 C;)ts}
VeJr
1075 ¢, X (2D, ~2)+(Cyt. +C )M(ZD ) 43Cy (6.5)
vaR tc 2765 0 0%s | ° .

Substituting L=100 mm, Dy=30 mm, Cy= 0.5 $/min, C,.= 2.5 $/min, f,=1.5 min, =
0.51min/pass, Eq. (6.5) is simplified as

9.10 147N, [  443%f"
vfe 23 216

C,= +0.765. 6.6)

To optimize the function, three set of cutting conditions are guessed as (140.0, 0.04),
(154.0, 0.04) and (154, 0.05) respectively. The evaluated costs are $2.41, $2.28 and

$1.98. Simplex search optimization (Rao, 1996) is used for optimization. Normally,
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it takes 3 iterations to reach optimum. The iterative cutting conditions and roughing

costs are shown in Table 6.3. The cutting force obtained is within the limit of 1000

N. The optimum process parameters are obtained as vop = 142.0 m/min and fop =

0.14 mm/rev. The optimum cost for roughing/piece is $1.24.

Table 6.3. Iterative results of optimization for roughing process

Suggested iterative cutting Actual Roughing
Iteration conditions cutting force cost per piece
number | (v dr fz) (Fact) (N) (Cr) ($)
(m/min mm mm/rev)
1 173.0 1.0 0.06 427.2 1.69
2 154.0 1.0 0.08 458.8 1.53
3 142.0 1.0 0.14 527.1 1.24

The proposed scheme obtains reliable optimum cutting parameters by its direct

implementation without deviating cutting force constraint. Figure 6.4 shows the final

display screen for roughing process showing the real machining data clouds stored

in database of the system.

-J SCREEN 7

REPORT GENERATION (ROUGH MACHINING)

THE OBTAINED ONLINE MACHINING DATA SETS ARE:
VR (m/min), dR(mm), fR (mm/rev), m, Fact(N), CR($)]

(a) INITIAL MACHINING:

140 1.0 0.04

154 10 0.04
154 1.0 0.05
(b) ITERATIVE DATA SETS:
173 10 0.06

154 1.0 0,08

142 1.0 0.14

(c) OPTIMUM CUTTING CONDITION:

142 10 0.14

386.3 241

3863 228
4083 1.98
427.2 1.69
458.8 1.53
527.1 1.24
5271 1.24

(d) ROUGHING COST /JOB: $ 1.24

|BACK TO MAIN

FINISH OPERATION

EoX

Figure 6.4. Final display for roughing process

In optimization of finish turning process the initial cutting condition are

selected as v (=Vmax), and fi (= fmin) and the constant depth of cut is equal to dpax.

For the present problem v, fi, and d; are 238 m/min, 0.04 mm/rev, and 1 mm

respectively. The allowable surface roughness value is (R’ ) 3.25 um. Considering
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some statistical variation the actual surface roughness (f\’a) is considered between
the lower and upper limits such that0.8R' <R, <1.2R' where R’ may be taken

as0.8R". If 0.8R! > I%a , the feed is increased using the following relation:

1.5
Rt
L S 6.7
(fDnew (RJ h (6.7)

a

where f is feed in mm/rev. The exponent 1.5 has been chosen based on some
experimental study. If Iéa > 1.2R;, the system displays “Surface roughness cannot
be achieved with this set of work tool combination”.

The actual surface roughness (I%a) may lie between 2.08 and 3.12 um. The

machining of component is performed and the obtained cutting force and CLA
surface roughness are 386.3 N and 2.12 pm respectively. If surface roughness falls
below lower limit, feed is increased suitably with v remaining same. Now machining
is continued till tool fails and obtained tool life data is entered in the system. The

snapshots of the interactive screens during finish machining process are shown in

Figure 6.5.
FINISH OPERATION
SELECT FOLLOWING INITIAL CUTTING CONDITIONS
(Cutting Velocity) Spindle Speed: (238) 2527 (m/min) rpm ACTUAL CUTTING FORCE IS WITHIN THE LIMIT
Tool / Cutter Feed Rate i 004 mmifrev MEASURE THE SURFACE ROUGHNESS OBTAINED.
Depth of cut : 1.0 mm
Perform Machining. Obtain actual cutting force developed Enter actual surface roughness: | 2.12 | micron
Enter actual Cutting force: 3863 | N
(a) Display of initial cutting condition (b) Surface roughness entry

ACTUAL CUTTING FORCE AND SURFACE ROUGHNESS
ARE WITHIN LIMIT.
CONTINUE MACHINING TILL TOOL FAILS

Enter the obtained tool life: min.
PRESS |
(c) Tool life entry

Figure 6.5. Snapshots of the screen during finish machining process
Based on probabilities of tool life functions of 0.25 and 0.75 the finishing cost per

piece is

157

TH-1234_07610308



Cloud Computing Based Machining Optimization

C.=025C,,+075C,, (6.8)

where Cr; and Cp, are finishing costs corresponding to tool lives that follows Eq.
(6.1) and Eq. (6.2) respectively. Substituting L=300 mm, D=24 mm, C;=0.5 $/min,
C,= 2.5 $/min, t,=1.5 min, 7= 0.51min/pass, Eq. (6.10) is simplified as

_ 408 663, /.7 199, £

C + .
Yo 23 276

(6.9)

To optimize the function (Eq. 5.28) three set of cutting conditions are guessed as
(238, 0.04), (214, 0.04) and (214, 0.05) respectively. The evaluated costs are $0.51,
$0.53 and $0.44. Simplex search optimization takes 4 iterations to reach optimum.
The iterative cutting conditions and evaluated costs are shown in Table 6.4. The
surface roughness obtained is within the limit of 2.08 and 3.12 um. The optimum
process parameters for finish machining are obtained as vop, = 218.4 m/min and fo, =
0.10 mm/rev. The optimum cost for finishing/piece is $0.24.  The job
loading/unloading cost= Copx71=0.5%0.75= $0.375. Thus, total production cost
/piece is $1.86.

Table 6.4. Iterative results of optimization for finishing process

Suggested iterative cutting Finishing
Iteration conditions Surface roughness | cost per piece
number | (vr dr Jr) | obtained (R, )(um) (Cr) (3
(m/min mm mm/rev)
1 148.2 1.0 0.06 3.02 0.47
2 196.5 1.0 0.08 2.52 0.30
3 163.0 1.0 0.12 2.98 0.28
4 218.4 1.0 0.10 2.56 0.24

The proposed scheme obtains reliable optimum cutting parameters by its direct
implementation without causing any loss/rejection of components due to surface
finish. With the availability of more and more real life machining data the system
database enriches with information and helps to develop predictive models for
machining optimization. It is also fine tuned at server side based on feedback

information provided by the user.
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6.4.2 Interactive Based Online Optimization of Multipass End milling Process
Consider the optimization of multipass end milling process. Aluminium alloy
workpiece is machined with 20 mm diameter high speed steel (HSS) end mill cutter.

The cutter has 4 number of tooth (z). Length of machining is 100 mm. Total depth of
stock to be removed is 5 mm and allowable surface roughness value (R:) is 2.75

pm. Maximum allowable cutting force is 500 N. The machining is performed on
semi virtual milling (Appendix B) which consists of the following modules: (i)
surface roughness prediction module based on NN, (ii) tangential cutting force
prediction module based on empirical relation, and (iii) tool life module based on
empirical relation. NN module is developed using an experimental data from the
work of Lou and Chen (1999) for end milling of aluminum alloy using HSS end mill
cutter. The tangential cutting force is evaluated from empirical relation obtained
from experimental data presented in (Wan et al., 2012). Tool life is evaluated by the

relation proposed by Tolouei-Rad and Bidhendi (1997) and it is given as

1/n

8
C 0.2d
_60| "\ Sz

Q| (df'z)"v

(6.10)

where T is the tool life in minutes, v is the cutting speed in m/min, C is the constant
for 60 minutes of tool life when the area of cut is 1 mmz, f is the feed in mm/tooth, z
is number of tooth, d is the depth of cut in mm, and g, w, and n are exponents for
different tool and work material combination. The factor Q is contact proportion of
cutting edges with work piece per revolution.
The ranges of cutting parameters are as follows:

Cutting speed (v):  45-90 m/min

Feed (f") : 0.025-0.23 mm/tooth

Depth of cut (d) : 0.25-1.27 mm
The optimization problem is to determine optimum cutting velocity and feed/tooth
through online machining process for minimizing total production cost based on

cloud computing feature. The total production cost is given by
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The online optimization of roughing process starts with selection of initial

cutting condition suitably so that actual cutting force is within limit. The machining

is initialized with vy (= Viin) as 45 m/min and f, (= £, ) as 0.025 mm/tooth. The
radial depth of cut (d) is 1.24 mm and number of passes are 3. The obtained cutting
force is 106 N, which is within limit. Thus machining is continued with first set of
cutting condition (v;=45 m/min, f,=0.025 mm/tooth) till tool fails and obtained tool
life data is entered in the system.

Consider the tool life provided by 8 machine tool operators. Two machines

predicted tool life that follows tool life function as

0.14
O.ZdJ

1/0.15

o 33.98[
T = < (6.12)

L0291 (df'r) Ty

The tool life predicted by other 6 machines follows tool life function as

33.98{0'201)

0.16 1/0.15

. =0 < (6.13)

2029 (df'2)™y

Considering the probability of tool life function of 0.25 and 0.75 the rough
machining cost per piece is given by
C,=0.25C,, +0.75 C,, (6.14)
With the constant values of costs, length and diameter, the objective function to
minimize roughing cost is expressed as
C = 2.355

R .
vRR

+2.115x107°v3%7 £,227 436061073 £.20 +1.02 . (6.15)

The optimization is initialized with three set of cutting conditions as (45, 0.025),

(49.5, 0.025), and (49.5, 0.028). Optimum cutting parameters vq,=53.4 m/min and
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fz'(nm =0.12 mm/tooth is obtained in 4 iterations. The optimum cost for

roughing/piece is $1.51.

The optimization of finish milling process considers the initial cutting

condition as v; (= Vmax), and fi (= f

) with depth of cut equal to dmax. The initial
cutting parameters are 90 m/min, 0.025 mm/tooth, and 1.27 mm. The machining of
component is performed and the obtained cutting force and CLA surface roughness

are 106 N and 1.43 pum respectively. The limit of the actual surface roughness value
(I%u) is between 1.76 and 2.64 um. Now the feed is increased following Eq. (6.7)

with cutting velocity remaining the same. This increases the surface roughness value
and thus first set of cutting condition is obtained as 90 m/min and 0.042 mm/tooth.
The CLA surface roughness is 2.26um. Considering the probabilities of tool life
function as 0.25 and 0.75 the finish machining cost per piece is given by

C, =0.25C, +0.75C;, =152 17 2x107°03 27 4 4.36x10™"v 20 (6.16)

VFfF

The optimization is initialized to minimize the function Eq. (5.35) with three set of

cutting conditions as (90, 0.042), (81, 0.052) and (73, 0.052). Optimum cutting

parameters vop=63.2 m/min and f,,, = 0.11 mm/tooth is obtained in 3 iterations.

(opt)
The optimum cost for finishing/piece is $0.21. Total production cost/piece is $2.10.
The cutting force and surface roughness obtained at optimum cutting condition are
395 N and 2.46 pm respectively. Figure 6.6 shows display of optimum cutting
conditions for finish milling process.

The iterative cutting conditions are provided by the system in a user friendly
interactive GUI screen based on optimization source code written in MATLAB®
(R20102a) runs at Pentium-4 with 512 MB RAM. In the proposed scheme
optimization is carried out during machining by selecting cutting conditions

suitably.
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FINISH OPERATION
OPTIMUM CUTTING CONDITION

Allowable surface roughness [Ra] : 275 micron
Allowable cutting force [Fmax]: so0 N
OPTIMUM (Cutting velocity) Spindle speed : (63.2)1008 (m/min) rpm
OPTIMUM Tool/Cutter feed rate : 011 mm/tooth

Actual surface roughness: 246  micron
Actual cutting force . 385 N
Cost for Finishing/piece : 0.21 S

PRINT REPORT

Figure 6.6. Display of optimum cutting parameters for finish milling process

6.5 Summary

In this chapter the development of menu driven interactive machining system for
implementation of online machining methodology is presented. The menu based
user interactive system is coded in MATLAB® (R2010a) with GUL. The client at
different location may download the .EXE file which is kept in CCBOD system and
can easily implement at their location for optimizing different machining process.
The interactive screens, transacted information, screen numbers are detailed out. The
screenshot of the developed GUI screen also presented. The optimization procedure
for multi pass machining process is discussed. Examples for optimization of turning
and end milling process are presented with screen snapshots. The cloud computing
system that uses the probabilistic based approach for optimizing machining
parameters based on machining feedback received from various clients is discussed.
The developed menu based system has simplified interactive access, easy to use and
provides opportunity for sharing the process data information among different

manufacturers.

162
TH-1234_07610308



Chapter 7

Application of Soft Computing for Online Learning in
a Cloud Computing Based Machining Optimization

7.1 Introduction

Automated manufacturing relies on computer based learning schemes that are able to
learn the complex machining process. Researchers employ an artificial intelligence
with soft computing tools for learning the complex machining process. Kumar and
Dixit (2008) developed an online learning system using finite element method (FEM)
for determining the proper traverse speed required to form a sheet in laser forming
process. Their work focuses on reducing computational time involved in FEM module
by combining the artificial intelligence (AI) module that learns with experience.

In cloud computing based machining optimization the actual experimental data
set are stored in server database sent by various clients through clouds. It can be used
for online learning and optimizes the process predicting better cutting condition. In
this thesis soft computing techniques based online learning of machining process is
developed. The algorithm keeps on becoming more and more intelligent by machining
variety of different jobs. The proposed online learning methodology consists of three
modules:

(i) Artificial Intelligent (AI) module: It consists of NN modelled with multi layer
perceptron (MLP) network combined with an optimization algorithm used for
predicting the machining parameters. The network is continuously updated and
thus it improves its prediction accuracy with time.

(i) Machining module or virtual simulation module: The machining system
implements the dictated cutting condition and obtains the real machining
information. In this work, the machining system is substituted by a ‘virtual
machine’ consisting of two modules for predicting ‘surface roughness’ and

‘tool life’ for the given set of cutting conditions.
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(iii) Optimization module: The module consists of an optimization algorithm that
optimizes the process and develops successive cutting conditions for online
machining.

The methodology is demonstrated using optimization of finish turning process. It
obtains optimum ‘cutting speed’ and ‘feed’ for minimizing machining cost. The
machining data sets are stored and effectively used for training a neural network of Al
system. In this chapter, the scheme of proposed soft computing based online learning
system is presented in Section 7.2. The various modules of the system are discussed in
detail. Section 7.3 demonstrates the online learning procedure that improves the
predictive capability of AI module. Section 7.4 demonstrates the procedure with
illustrative examples for optimizing finish turning process. The summary of the

chapter is presented in Section 7.5.

7.2 Optimization with Continuous Learning

Optimization of process parameters is an important step in the machining process to
achieve economy in machining. Usually in shop floor the skilled operator decides the
process parameters by the rule of thumb based on his experience (intelligence) gained
from the process. With this back ground an artificial intelligence based online
learning methodology is developed in this work.

The present scheme consists of three modules viz., Al module, virtual simulation
module (that will be replaced by actual machine in the real shop floor) and an
optimization module. The prominent features of these modules are discussed in the
following subsections. The methodology is as follows. Firstly a highly approximate
neural network model combined with optimization algorithm is kept in AI module. In
an optimization of finish turning process, for achieving the desired surface finish Al
module predicts the required cutting velocity and feed, which serves as initial guess
for virtual simulation module. While machining at this condition the surface roughness
and tool life are obtained and the condition is optimized for minimizing the cost in
optimization module. The optimization module dictates successive cutting conditions
till optimum is reached and is implemented in the machining module.

The information obtained during cost optimization process is sent to the Al

module. The neural network is continuously updated with this information and thus it
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improves its prediction accuracy with the time as the varieties of jobs are produced.
The optimum cutting condition is determined accurately without consuming much
time and resources at the shop floor. Figure 7.1 shows the block diagram of the

proposed scheme.

User interface A | Module Machining system
-]
g Guess C
parameteL
<> -
A Surface roughness Tool life data
measurement
Information e
Optimization

module

Figure 7.1. Proposed scheme of online learning

7.2.1 Development of AI Module
An Al module is developed using neural network (NN) modelled with multi layer

perceptron (MLP) network combined with an optimization algorithm for predicting
guess cutting parameters (v and f). Let R, be maximum allowable surface roughness

of the job required to be produced while the depth of cut (d) of the work piece remains
constant in a finish turning process. The two separate networks are modelled with
three input variables: cutting speed (v), feed (f) and depth of cut (d) to predict surface
roughness and tool life. The initial training of networks uses all factorial combinations
at three levels— low, medium, and high, resulting in 3% =27 data sets. Initially there is
no data available to train the networks. In a particular data group if only a few data
were missing, they can be taken either as intervals by the range of its possible values
or by estimates from rough-set theory. Ishibuchi et al., (1994) and Hong et al., (2002)
have also used similar approaches to identify missing data. In the present case since

all data were missing, the following strategy is adopted to obtain the possible output
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values. The range of input parameters is 140— 240 m/min for cutting velocity, 0.04—
0.32 mm for feed, and 0.1-1.0 mm for depth of cut. The range of output variables is
taken as 1.9-4.7 pm for surface roughness and 20-220 minute for tool life. With the
increase of cutting speed, surface roughness decreases and with the increase of feed
and depth of cut, surface roughness increases. The tool life reduces as the cutting
speed, feed, and depth of cut increases. These rules form the basis of creating
hypothetical data. Table 1 shows the data sets used to train the networks. The trained
network is used to find cutting parameters (v and f) to produce the surface roughness
value as well as tool life. For the particular value of depth of machining (d) to be
carried out the cutting parameters (v and f) are selected from hypothetical datasets. If
the predicted value of surface roughness satisfies then the cost function is optimized
employing simplex search. The optimized cutting parameters are considered as initial

guess predicted by Al module.

7.2.2 Machining System or Virtual Simulation Module

This module is the actual machining system used for production of components. In
this work, instead of an actual machine tool, a virtual simulation is carried out using
semi virtual lathe presented in Section 4.2. It consists of two modules viz., surface
roughness (R,) prediction module based on NN trained with real experimental data
sets and tool life evaluation module using an empirical relation. The neural network
prediction module is trained with real experimental data set obtained by dry turning of
steel using carbide tool from work of Kohli and Dixit (2005). It is used for the
prediction of center line average (CLA) value of surface roughness. The tool life
prediction module uses an empirical equation based on Taylor’s extended tool life
relation for evaluating the tool life at particular cutting condition.

The guess cutting parameters are used as initial machining parameters for
producing the component. On performing the machining process as per guess cutting
condition and with the confirmation of actual surface roughness within control limits,
the machining is continued till tool fails and tool life data is obtained based on real

time environment and is fed to the optimization module.
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Table 7.1. Data set for training NN module

Cutting Depth of cut Feed Surface Tool life
speed (m/min) (mm) (mm/rev) roughness (pum) (min)
140 0.1 0.04 3.10 220
140 0.1 0.18 3.30 206
140 0.1 0.32 3.50 192
140 0.4 0.04 3.70 177
140 0.4 0.18 3.90 163
140 0.4 0.32 4.10 149
140 1.0 0.04 4.30 134
140 1.0 0.18 4.50 120
140 1.0 0.32 4.70 106
190 0.1 0.04 2.50 177
190 0.1 0.18 2.70 163
190 0.1 0.32 2.90 149
190 0.4 0.04 3.10 134
190 0.4 0.18 3.30 120
190 0.4 0.32 3.50 106
190 1.0 0.04 3.70 92
190 1.0 0.18 3.90 77
190 1.0 0.32 4.10 63
240 0.1 0.04 1.90 134
240 0.1 0.18 2.10 120
240 0.1 0.32 2.30 106
240 0.4 0.04 2.50 92
240 0.4 0.18 2.70 77
240 0.4 0.32 2.90 63
240 1.0 0.04 3.10 49
240 1.0 0.18 3.30 34
240 1.0 0.32 3.30 20
167
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7.2.3 Optimization Module

The optimization objective is to minimize the cost of machining. In the proposed
scheme of optimization with online learning, the machining is carried out on virtual
lathe for the guess cutting parameters. With the confirmation of actual surface
roughness within control limits, the machining is continued till tool fails and tool life
data is obtained based on real time environment. The computation of machining cost is
carried out as follows.

For a finish turning process, if L is the machining length, D is the diameter of
the work piece, 7. is the tool change time, T is the tool life for particular cutting
condition, Cy is the operating cost in $/min, and C;. is the tool change cost in $ then
machining cost per job is given by

e =c()@(1+t—°j+cm [@j (7.1)
fv T T
With the constant values of costs, length and diameter, the objective function to

minimize machining cost is expressed by the function F as
. 1 .
Minimize F =—| 1+-= |, (7.2)
fv T

where t:= t. + C/Cy. Considering t. = 1.5 min, the above equation reduces to two-

variables (f and v) problem.

The optimization module optimizes the cost function F to obtain optimum
cutting parameters. Simplex search (Rao, 1999) is used to optimize the function. The
algorithm requires less number of function evaluations (i.e., (n+1) evaluations in n
dimensional space) for each iteration and is found suitable for online machining
optimization. In the present case, three cutting conditions (vy, fi, T1, F1), (v, fo, To, F2),
and (v, f5, T3, F3) are selected with v| and f; being guess parameters, v,=0.9vy, for=1.1f,
v3=0.9v, and f3=f, to optimize the function F as given in Eq. (7.2). Different cutting
conditions obtained during each iteration are simulated in virtual simulation module
and data obtained is used in optimization module. The source code for the
optimization module is written in MATLAB® version 7.1 and computational time

takes less than a second in Pentium-4 with RAM 512.
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7. 3 Online Learning Procedure

In this section, online learning procedure of Al module is presented. The optimization
process first generates the initial guess parameter in AI module. It is used in machining
system and machining feed back is submitted to optimization module. The
optimization module suggests further cutting conditions and machining is carried out

in the virtual simulation module. This procedure continues till optimum cutting

parameters are obtained and the surface finish is kept within limits. 0.8R, < ﬁd <1.2R
is considered as control limits where I%a and R are actual surface finish produced

and target surface roughness (0.8 times of R, ) respectively. This strategy accounts for

some statistical variation in surface roughness.

In this process, the simulation is carried out » number of times before it converge
to optimum cutting condition, hence n simulation data sets will be generated. These
data sets are compared with data sets of neural networks of the Al module. If (v, fi,
dy) and (vo, f>, d) are two data sets with each variables normalized between 0.1 to 0.9,
then the two data sets are considered to be similar if the deviation is less than or equal
to 10%, i.e.

D, £0.1xD, (7.3)

where Dy is the distance between the two datasets and it is given by

D, =\, =) +(f, - f,) +(d, ~d,)’. (7.4)
D,  is the maximum possible value of Dr. Since all values are normailsed between

0.1and 0.9, D, 1is given by

max

D, :\/(0.82+0.82+O.82):1.385 (7.5)
If any of the simulated data set is similar to a dataset in the NN module, i.e.,
D, <0.1385 then it will replace the initial random data set, otherwise it gets appended

to the data base of Al module for the use when it needed. This helps in improving the
accuracy of network prediction. Figure 7.2 shows the flow chart of the present

methodology.
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Figure 7.2. Flow chart of the online learning methodology

7.4 Optimization of Finish Turning Process through Online Learning

The proposed soft computing based online learning methodology is demonstrated for
optimization of finish turning process. The cutting parameters viz., cutting speed and

feed are optimized for obtaining minimum cost subjected to maximum allowable

surface finish.

7.4.1 Nlustrative Example 1

Consider an optimization of finish turning process. The process is optimized for
minimizing the cost satisfying the maximum allowable surface roughness value. A

number of jobs are machined for different values of maximum allowable surface finish

with varying depth of cut.
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7.4.1.1 Job Number 1

Let optimum parameters are to be obtained for a finish turning process with maximum
allowable surface finish (R)) as 3.5 um at constant depth of cut of 0.4 mm.

Considering the inherent randomness in metal cutting process, a maximum of 20%
error may be taken in prediction of surface roughness (Risbood et al., 2003). Therefore

the target surface roughness value is taken as 80% of maximum allowable surface

roughness, R, =0.8x3.5=2.8 pm. With the statistical variation in surface roughness,

the process is said to under control if actual surface roughness value (I%d) falls within

+20% deviation from that of targeted surface roughness value (i.e., in between 2.24
and 3.36 um). The work diameter and length of machining are 30 mm and 100 mm
respectively.

Initially an appropriate value of cutting parameters (v, f) satisfying surface
roughness is to be selected. There are a number of different combinations of cutting
parameters are available. To identify the optimum cutting parameters that minimize
the cost satisfying the surface roughness limits, a simplex search optimization is
employed. For two variables problem three set of initial cutting conditions are needed
for optimization. At first, roughly the cutting parameter (v, f): (190, 0.15) is selected as
first cutting condition and other two cutting conditions as (171, 0.20) and (156, 0.20)

are selected with 10% deviation so that it is not far away from the first cutting

condition. The NN model of AI system predicts the surface roughness (Ra) and tool

life (7) and cost function values (F) are evaluated. The values obtained are (v, f, Iéa , T,

F): (190, 0.15, 2.98, 118, 3.7x10™), (171, 0.17, 3.16, 126, 3.62x10™), and (156, 0.17,
3.22, 131, 3.96><10_5). It is optimized and AI module obtain the guess parameters,
satisfying the surface roughness and it is (197, 0.18). The first component is machined
at this cutting condition. The surface roughness is measured and machining is
continued, tool life is obtained and cost function is evaluated. Machining is continued
with other cutting conditions provided by optimization module in successive iteration
process till it reaches optimum cutting condition. Table 7.2 shows different cutting
conditions with actual values of surface roughness, tool life and the corresponding

function value.
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Table 7.2. Different simulation runs (Illustrative example: Job number 1)

Piece v f R T F

(simulation) (m/min) (mm) (um) (min) (10~ min/mm?)
number

1 160 0.15 2.37 119 4.52

2 152 0.20 2.41 168 3.70

3 178 0.20 2.32 57 3.31

4 182 0.22 2.29 49 3.15

5 199 0.28 3.32 25 2.51

The optimum cutting condition satisfying the surface roughness limits is reached in
five iterations. Thus, we obtain five simulated data sets. Each of the simulated data
sets was compared with datasets of AI module. The data sets are normalised and the
distances between each pair were evaluated. Normalising of data between 0.1 and 0.9

is done through linear mapping using the following relation:

X —-X .
X, =x, .+ (x—X_ ), (7.6)
'xmax - xmin

where x, is the normalised value, xyax and Xy, are the maximum and minimum values
of a parameter and Xymax and Xymin are the normalised maximum and minimum values.

For example the data set (v, d, f): (152, 0.4, 0.2) is normalised as follows.

0.9-0.1
=0.1+—————(152-140) = 0.196 7.7
Hes 240-140" ) -1
0.9-0.1
=011+ 0.4-0.1)=0.366 7.8
Hos 1.0-0.1 ( ) (7:8)
0.9-0.1
Xy = 0.1+ ————(0.2-0.04) = 0.557 7.9
2 032-0.08" ) 7:9)

While comparing the distance between (152, 0.4, 0.2) and (140, 0.4, 0.18) it is found

that the distance is less than 10% of maximum distance between the datasets (D, )

(i.e., 0.1385).

D, =(0.196-0.1)> +(0.336-0.366)* +(0.557 - 0.5)* =0.112<0.1385  (7.10)

ma;

In five simulated datasets the distance of two data sets viz. (152, 0.4, 0.20) and (199,

0.4, 0.28) were less than 10% of D, (e, 0.1385) and therefore it is inducted into
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Al module and remaining data are stored in the database. The further training of neural
network enhances its prediction capability due to induction of real machining datasets

in NN data sets of AI module.

7.4.1.2 Job Number 2

Let the second job is to obtain optimum parameters for achieving maximum allowable
surface finish (R ) is 3.0 um at constant depth of cut of 0.4 mm. The target surface

roughness value is 2.4 pum; the actual surface roughness to control the process is in
between 1.92 and 2.40 pm. The initial guess parameters predicted by Al module is
(228, 0.14) and it is implemented in the machining system. The actual surface
roughness obtained is 2.33 um and tool life is 42 min. The problem is optimized in 4
iterations and optimum parameter is (179, 0.20). Table 7.3 shows iterative results. Two
simulated data were found similar and are inducted into NN datasets of Al module.

Table 7.3. Different simulation runs (Illustrative example 1: Job number 2)

Piece v f Iéa T F
(simulation) | (m/min) (mm) (um) (min) (107 min/mm?)
number
1 196 0.16 2.28 89 3.61
2 180 0.18 2.36 100 3.50
3 189 0.19 2.32 43 3.20
4 179 0.20 2.39 55 3.12

The optimum cutting condition that satisfies the surface roughness limits is reached
after four iterations. On comparing, all four simulated data sets were found similar and
are inducted to NN data sets of Al module. The NN of AI module is now trained again

and is used for future prediction.

7.4.1.3 Job Number 3

The second job is machined at 0.1 mm depth of cut. The optimum parameters are to be

obtained for achieving maximum allowable surface finish (R ) as 3.00 um. The target

surface roughness value (R!) is 2.4 um. The actual surface roughness (I%d) limit is
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1.92-2.88 um. The Al module predicts guess cutting parameters (v and f) as 181
m/min and 0.18 mm. The machining system uses this parameter for producing the
component. The actual surface roughness and tool life obtained are 2.43 pm and 159
min respectively. Production is continued further with iterative cutting conditions
dictated by optimization module, till optimum is reached. Table 7.4 shows different
iterative results and corresponding values of surface roughness, tool life and the

function value.

Table 7.4. Different simulation runs (Illustrative example 1: Job number 3)

Piece v f R, T ')
(simulation) (m/min) (mm) (um) (min) | (107 min/mm?)
number
1 198 0.18 2.38 101 2.99
2 189 0.19 2.41 123 2.93
3 178 0.21 2.46 154 2.79
4 164 0.23 2.85 216 2.73

Four iterative runs are required for obtaining optimum cutting conditions. On
comparison, two simulated data sets viz. (189, 0.1, 0.19) and (178, 0.1, 0.21) are found
similar and are inducted to NN data sets of AI module and the other data stored in the
data base. The further training of NN model enhances its prediction capability.
Similarly, number of problems having depth of cut varying from 0.1 mm to 1.0
mm for different values of maximum allowable surface roughness are solved. Table
7.5 shows various jobs machined during the process. The bar chart shown in Figure
7.3 presents the number of virtual simulation runs required for different jobs. From the
figure it is evident that number of virtual simulation runs keeps reducing as more and
more jobs are produced. In the present case, once shop floor has handled 7 different
jobs, only one simulation is required and thus AI module said to provide correct
prediction. As the Al module gets trained well it provides exact cutting parameters in
the initial guess and thus machining can be performed at optimum cutting condition

even at first job and no loss is incurred.
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Table 7.5. Various jobs machined in online learning process (Illustrative example 1)

TH-1234_07610308

5
Job number

10

Actual surface
Piece Data set Initial guess | Number of | Optimum cutting roughness,
(simulation) | (g R) parameters simulation parameters Function value
Number v runs (Vop fopo) (R, Fuin)
1 0.4 350 | 197 0.12 5 199 0.28 3.32 251
2 0.4 2.75 191  0.16 4 164  0.23 2.85 273
3 0.1 3.00 | 181 0.18 4 184 0.22 2.74 2.84
4 0.7 3.25 154  0.21 3 169 0.26 2.69 2.85
5 0.8 3.75 168 0.20 3 152 0.28 347 2.62
6 0.2 4.25 195 0.24 2 172 0.29 3.38 2.28
i 0.5 350 | 191 0.19 2 203 0.31 297 246
8 1.0 325 | 219 0.22 1 220 0.22 3.10 4.32
9 0.1 3.25 174 0.24 1 174 0.24 2.63 254
10 09 350 | 164 0.30 1 164 0.30 3.02 2.63
11 0.6 375 | 180  0.26 1 180 0.26 3.00 2.80
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Figure 7.3. Bar chart showing the reduction in simulation runs

with different jobs produced (Illustrative example 1)
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7.4.2 Illustrative Example 2
The online learning procedure is tested for second set of components. Another set of
jobs with varying depth of cut for different values of maximum allowable surface

roughness are solved.

7.4.2.1 Job number 1

Let the first job is to obtain optimum parameters for achieving maximum allowable

surface finish (R)) as 3.25 um at constant depth of cut of 0.4 mm. The target surface

roughness value (R!) is 2.6 pm. The actual surface roughness (Iéa) limit is 2.08-3.12

pm. The Al module predicts guess cutting parameters (v and f) as 178 m/min and 0.14
mm. The machining system uses this parameter for producing the component. The
actual surface roughness and tool life obtained are 2.39 um and 74 min respectively.
Production is continued further with iterative cutting conditions dictated by
optimization module, till optimum is reached. Table 7.6 shows different iterative

results and corresponding values of surface roughness, tool life and the function value.

Table 7.6. Different simulation runs (Illustrative example 2: Job number 1)

Piece v f R T F
(simulation) (m/min) (mm) (ur:l) (min) (10~ min/mm?®)
number
1 157 0.17 2.78 119 3.95
2 135 0.19 2.86 234 3.99
3 144 0.20 2.72 163 3.61
4 141 0.24 2.63 158 3.08
5 166 0.24 2.87 70 2.92

The optimum cutting condition is reached after four iterations. On comparing three
simulated data sets viz. (157, 0.3, 0.17); (135, 0.3, 0.19) and (144, 0.3, 0.20) are
inducted to NN data sets of AI module and the other data stored in the data base.
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7.4.2.2 Job number 2

The second job is machined for achieving maximum allowable surface finish (R, ) of
3.5 pm and depth of cut is 0.5 mm. The process is said to under control if actual
surface roughness (I%a) is in between 2.24 and 3.36 um. Al module predicts initial
guess parameters as (160, 0.13). It is implemented in the machining system. The actual
surface roughness and tool life obtained is 2.59 pm and 112 min respectively. The
optimum parameter reached in 5 iterations and is (171, 0.24). Table 7.7 shows the
iterative result. Two simulated data sets (191, 0.5, 0.16) and (171, 0.5, 0.24) were

found similar and are inducted into NN datasets of AI module.

Table 7.7. Different simulation runs (Illustrative example 2: Job number 2)

Piece v f Iéa T F
(simulation) (m/min) | (mm) (um) (min) (10~ min/mm?)
number
1 146 0.12 2.87 189 4.89
2 147 0.16 2.40 147 4.44
3 191 0.16 2.23 40 3.81
4 168 0.19 2.33 66 3.44
5 171 0.24 2.41 51 2.75

Table 7.8 shows various jobs machined during online learning process. A number of
problems having depth of cut varying from 0.1 mm to 1.0 mm for different values of
maximum allowable surface roughness are solved.

Figure 7.4 shows the bar chart of virtual simulation runs required for the
production of different jobs. The number of simulation runs keeps on reducing as
varieties of jobs are produced. In this example it is found that once shop floor handled
7 different jobs, the Al module predicts exact cutting parameters in the initial guess as
it require one simulation runs. Since gt job onwards the Al module predicts optimum

parameters and machining is performed at optimum cutting condition.
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Table 7.8. Various jobs machined in online learning process (Illustrative example 2)

Actual surface
Job Data set Initial guess | Number of | Optimum cutting roughness,
number. | (4 R) parameters simulation parameters Function value
Q% f) runs (Vopt ~ fopt) ( ﬁa Fmin)
1 0.4 3.00 178  0.14 5 166 0.24 2.87 292
2 0.5 3.00 160 0.13 5 171 0.24 2.84 2.5
3 0.2 2.50 162  0.16 4 181 0.23 2.38 2.60
4 0.6 3.50 187  0.18 3 208 0.26 2.65 2.62
5 0.8 3.25 154  0.15 3 147  0.20 3.02 3.65
6 0.4 2.50 168  0.18 3 176  0.20 2.34 3.15
7 0.3 3.25 187  0.20 2 164 0.24 2.85 272
8 0.7 3.00 145 0.26 1 145 0.26 2.57 2.86
9 1.0 3.75 | 210 0.21 1 210 0.21 3.12 2.40
10 0.5 3.00 171  0.24 1 171 0.24 2.84 275
A
6
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Figure 7.4. Bar chart showing the reduction in simulation runs
with different jobs produced (Illustrative example 2)
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7.4.3 Illustrative example 3
A number of different jobs having depth of cut from 0.1 to 1.0 for achieving the
different values maximum allowable surface roughness are solved. The optimum

cutting parameters are optimized for minimizing the cost.

7.4.3.1 Job number 1

Consider the first job for obtaining optimum parameters for finish turning process. The

maximum allowable surface finish (R:) is 3.50 um and depth of cut is 0.1 mm. The

target surface roughness value (R)) is 2.8 pum. The actual surface roughness (I%a)

limit is 2.40-3.60 um. The AI module predicts guess cutting parameters (v and f) as
190 m/min and 0.16 mm. The machining system uses this parameter for producing the
component. The actual surface roughness and tool life obtained are 2.13 pm and 136
min respectively. Production is continued further with iterative cutting conditions
dictated by optimization module, till optimum is reached. Table 7.9 shows different
iterative results and corresponding values of surface roughness, tool life and the
function value.

Table 7.9. Different simulation runs (Illustrative example 3: Job number 1)

Piece 1% f Iéa T F
(simulation) (m/min) (mm) (um) (min) | (107 min/mm?)
number
1 175 0.21 2.40 167 3.12
2 206 0.19 2.33 80 2.76
3 224 0.20 2.15 51 2.5
4 216 0.22 2.39 56 2.35
5 225 0.25 3.41 42 2.05

The optimum cutting condition is reached after five iterations. On comparing two
simulated data sets viz. (175, 0.1, 0.21) and (206, 0.1, 0.19) found similar and are

inducted to NN data sets of AI module and the other data stored in the data base.
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7.4.3.2 Job number 2

Let the second job is to obtain optimum parameters for achieving maximum allowable
surface finish (R)) is 3.0 um at constant depth of cut of 0.4 mm. The target surface

roughness value is 2.4 pm; the actual surface roughness to control the process is in
between 1.92 and 2.40 pum. The initial guess parameters predicted by Al module is
(232, 0.15) and it is implemented in the machining system. The actual surface
roughness obtained is 2.17 pm and tool life is 19 min. The problem is optimized in 4
iterations and optimum parameter is (177, 0.20). Table 7.10 shows iterative results.
Two simulated data were found similar and are inducted into NN datasets of Al

module.

Table 7.10. Different simulation runs (Illustrative example 3: Job number 2)

Piece v f Iéa T F
(simulation) | (m/min) | (mm) (um) (min) (10~ min/mm”)
number
1 165 0.18 2.32 89 3.61
2 160 0.19 2.39 100 3.50
3 170 0.18 2.37 77 3.44
4 177 0.20 2.40 58 3.14

A number of different jobs having depth of cut varying from 0.1 mm to 1.0 mm for
different values of maximum allowable surface roughness are solved. Table 7.11
shows the number of iterations required for various jobs to arrive at optimum.

Figure 7.5 shows the bar chart of the number of virtual simulation runs required
for different jobs. As varieties of jobs are handled the number of virtual simulation
runs keeps reducing. In the present case, once shop floor has handled 9 different jobs,
only one simulation is required. Once Al module gets completely trained, it predicts
optimum cutting parameters as initial guess and thus machining can be performed at

optimum without any loss incurred.
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Table 7.11. Various jobs machined in online learning process (Illustrative example 3)

TH-1234_07610308

Job number

5 10

Actual surface
Job Data set Initial guess | Number of | Optimum cutting roughness,
number | (4 R) parameters simulation parameters Function value
(v ) runs (Vopt ~ fopt) (R, Fuin)
1 0.1 3.50 190 0.16 5 225 0.25 3.34 2.05
2 0.4 3.00 | 232 0.15 4 177 0.20 2.63 3.14
3 0.6 350 | 210 0.14 4 166  0.26 291 2.63
4 0.9 325 | 210 0.14 3 155 0.23 262 3.14
5 0.5 3.00 180 0.17 3 171  0.24 2.84 275
6 0.2 275 170  0.21 3 179 0.30 220 2.04
7 0.3 3.50 186 0.19 2 141 0.26 3.16 2.82
8 1.0 3.0 161 0.18 2 130 0.26 2.85 3.13
9 0.8 2.75 152 0.19 2 132 0.26 2,53 3.10
10 0.6 3.00 167 0.23 1 167 0.23 2.62 293
11 0.5 3.75 143 0.26 1 143 0.26 320 2.84
12 0.4 2.75 156 0.24 1 156 0.24 241 285
13 0.3 2.50 234 0.23 1 234 0.23 2.52 2.61

o

2 sk

é Al

e 3}

= 1+

Figure 7.5. Bar chart showing the reduction in simulation runs

with different jobs produced (Illustrative example 3)
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7.5 Summary

A soft computing based online learning procedure is proposed in this work. The
proposed scheme of online learning optimization methodology helps to optimize the
metal cutting process and involves less cost compared to other offline optimization
methods. The method is highly suitable to handle variety of different jobs in a batch
production of jobs, which is the main requirement of today’s market scenario. The data
sets obtained through online machining is used to carry out optimization with online
learning. An artificial intelligence (Al) based online learning methodology to optimize
cutting parameters for finish turning process is presented. The virtual simulation
module combined with the Al module learns with experience as more and more jobs
are machined. The well trained Al module provides exact cutting parameters in the
initial guess and thus machining can be performed at optimum cutting condition even
at first job and no loss is incurred. The direct implementation at shop floor in different
manufacturing environment is main advantage of this scheme. The neural network
model of Al system learns from limited dataset and predicts the parameter with
reasonable accuracy. The effective error of NN training is obtained within 20 %.
Source code for training the network is written in MATLAB® version 7.1. It runs on
Pentium—4 with 512 MB RAM is used. The computational time required is less than a

second.
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Chapter 8

Conclusions and Scope of Future Work

8.1 Conclusions

In this thesis, the feasibility of using cloud computing for the optimization of machining
processes is explored. A web system called cloud computing based optimization and data
base (CCBOD) that works on private cloud is developed. The adoption of cloud computing
feature helps to optimize different machining processes. A generalized online optimization
algorithm for optimization of machining process has been developed. The optimization
strategy does not require any a priori machining models. It optimizes the process during
production of components. Source code for the algorithm has been written in MATLAB®.
For easy implementation of the proposed online optimization procedure a ‘user interactive
based menu driven’ system has been coded in MATLAB® with GUL The .EXE file named
‘online_optimization.exe’ is placed in CCBOD system, which can be downloaded at client
system and the machine tool operator can implement the same for optimization of machining
process at their location. The machining feedback is sent to the server through clouds. The
real machining data provided by different clients are stored in database server. The server
carries out optimization and optimized data can be provided to various clients. The clients
who connect to CCBOD via web browsers can avail the facility. The system can be accessed
through common web browsers such as Windows IE, Mozilla Firefox, Google Chrome,
Safari, and Opera at client system.

For web implementation of the cloud based optimization system HTML, CSS, and PHP
scripts have been written for clients/users to interact with the system. The web enabled
feature help for accessing and sharing information among the users. The retrieval of optimum
cutting parameters is obtained using PHP scripts and MySQL queries. The result can be
viewed at client’s screen. For storing the machining information MySQL database system is

used at server side. It stores all information in “machining database” at main server and is
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managed by the administrator. The user can get the information by fetching data from the
database. The user also sends the feedback of the same through HTML and PHP pages.

A fuzzy set based optimization methodology has been developed. It consists of finding
the optima with the help of IF-THEN rules. The methodology is applied for a number of test
functions and machining optimization problem to optimize the process parameters both by
offline and online procedure. The proposed fuzzy set based optimization is experimentally
demonstrated for online optimization machining process. It is applied for optimization of
finish turning process of cold rolled steel bars using TiN coated carbide tool and is carried
out in a lathe. The optimization objective is to minimize the cost satisfying desired surface
roughness.

A soft computing based online learning procedure for optimizing the process has been
developed. The online learning procedure is demonstrated through numerical experiments
that optimizes the process predicting better cutting condition. The algorithm shows that it
keeps becoming more and more intelligent by machining variety of different jobs. The data
sets obtained through simulation results are stored and effectively used for training a neural
network of artificial intelligence (Al) system.

The main contributions of the thesis are as follows:

1. The developed web enabled cloud computing based optimization and database
(CCBOD) is employed for optimizing common machining processes. The different
manufacturing clients/users can connect to CCBOD via web browsers for availing the
facility. The functionality of the developed system is tested with virtual machine.
Actual machining experiments are replaced by simulated results. The case examples
show the feasibility of using the system for helping in agile manufacturing.

2. A new heuristic based online optimization methodology is proposed in the present
work. The optimization model does not use any empirical relation and/or offline
experimentation for evaluation of tool life and surface roughness in the optimization
process. The methodology obtains reliable optimum cutting parameters by its direct
implementation. In batch production of components machining under various tool-
work piece combination/ or change of job, the proposed methodology is found

suitable. The datasets obtained through online machining can also be used to develop
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an artificial intelligence-based online learning methodology for optimizing cutting
parameters.

3. An interactive based online optimization scheme working on cloud environment
suggests cutting conditions for shop floor machine tool operator, accepts feedback,
and optimizes the machining process during the production of components. The client
can also retrieve optimum cutting parameters which can be viewed at clients’ screen.
The feedback of real life data (i.e., actual surface roughness, tool life, cutting force)
from different machine tool operator are supplied to the clouds. The developed
private cloud uses a probability-based procedure for processing the information at the
server side.

4. A fuzzy set based optimization methodology is developed. The procedure is based on
linguistic sub-division of search domain and it obtains optimum zone in which the
objective function value does not change drastically. This provides multiple numbers
of solutions. The optimization procedure can be applied for optimizing both offline
and online problems. It is experimentally demonstrated for obtaining optimum
parameters for turning process. Student’s #-test is performed to compare the
significance between the cutting conditions in the optimum zone. The proposed
optimization strategy is suitable for an agile manufacturing environment. The fuzzy
set based online machining optimization is suitable when not much a priori
information about the process is available in the shop floor.

5. Finally, a soft computing based online learning scheme has been developed and
demonstrated for optimization of finish turning process. The method is highly
suitable to handle variety of different jobs in a batch production system, which is the
main requirement of today’s market scenario. A well trained artificial intelligence
(AI) module provides cutting parameters as the initial guess. Further, fine tuning can
be carried out with a small amount of effort. The direct implementation at shop floor
in different manufacturing environment is main advantage of this scheme. The

methodology can also be implemented over a cloud.
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8.2 Scope for future work
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TH-1234_07610308

In the present work, the cloud computing based optimization of conventional
machining process has been developed. The work can be extended to other

manufacturing process.

The online measurement of process responses viz., surface roughness, cutting force
and tool life is dependent on the use of sensors in the machining system. Research
on hardware side for the development of proper sensors, efficient techniques for

data acquisition, data filtration, and feature extraction should be developed.

In the present work, an artificial intelligence based online learning methodology is
proposed for finish turing process. It may be extended for multipass machining as
well as to other machining process. The procedure may be integrated with cloud

based machining optimization for complete automation of the system.

A consortium of industries having machine shops can be formed for implementing
the cloud models in this work. The feedback obtained from the consortium can be

used to further refine the models.
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Appendix

Appendix A

Simplex Search Algorithm

Simplex search algorithm is originally proposed by Spendley et al. (1962). It is used
for optimizing non-linear functions. Simplex is a geometric figure formed by a set of
(n+1) number of points in an n-dimensional space. The method is one of the most
popular and efficient direct search methods. The initial points should be selected
such that they should not form a zero-volume. For example, the chosen three initial
points should not lie in a straight line for a two variables optimization problem.

In the optimization process, first the function value of all initial points are
evaluated and worst simplex is found. The new simplex is obtained using set of rules
that steer search away from the worst simplex. The search depends on the relative
function values of the simplex points. Four different operations viz., reflection,
expansion, contraction to inner space and contraction to outer space are performed.
First the centroid of all points is found out and the new simplex is obtained away
from worst simplex using refection operation. The other operations are performed
depending up on the relative function values all the points. Figure 4.4 (a—d) shows
different simplex operation performed during optimization process.

The simplex search follows the following algorithmic steps (Rao, 1999):

Step 1: Initialize expansion co-efficient (n>1), contraction co-efficient ( € (0, 1))
and termination parameter (g).

Step 2: Take (n+1) number of points such that it should not form zero volume, to

create initial simplex and evaluate its function values
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(a) Refelction (b) Expansion
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O
(c) Contraction to (d) Contraction to
inner space outer space

Figure A1l. Simplex search operations

Step 3: Find the worst point (x;), the best point (x3) and the point next to worst point

(x2) based on the function values. Calculate centroids of the simplex

1 n+l
x,== > x (AL)
I i=1izh
Step 4: Calculate the reflected point, x, = 2x, — x,. Set x,,, = x, .
i) If f(x,)< f(x,),then x,,, =+7)x, —1nx
i) Else if f (x,) 2 f(x)), then x,,, = (1- B)x, + Bx,
iii)  Elseif f(x,)< f(x,)< f(x),then x,, =1+ B)x, - Bx

Calculate f{x,.w) and replace x; by xpew.

n+l _ 2
Step 5: Terminate the process if\/z (f (x) +]1(x")) <e€.
i=1 n

(A2)

Else go to Step 3.
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Appendix B

Cost Evaluation for Conducting Tool life test

One tool life test takes 20 hours of machining and consumes 20 kg of material.

(Hegginbotham and Pandey, 1967)

Total cost of machining involves sum of: (i) tool cost, (ii) material cost and (iii)

operating cost.

(i) Cost of cutting tool per edge
The coated carbide tool having 4 cutting edges is considered. The cost of the tool is

< 500.
So, the cost of the cutting tool per edge is I 125.

(ii) Material cost
Work material is cold rolled steel (0.35% carbon) having 130 BHN.
The cost of one kg of material is ¥ 65.00

Total material cost for 20 kg = 1296.00

(iii) Operating cost for machining
It composed of cost of labour operator, cost of electricity, machine depreciation cost

and machine maintenance cost.

a) Labour cost

Let the cost of one labour operator per day is ¥ 600.00.
The operator works 8 hrs per day.

So, wage of the labour operator per hour =¥ 75.00.

b) Electricity cost
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The lathe machine uses 11 kW electric motor. The cost of electric power per hour is

< 5.85. The cost of electricity per kW per hour =% 64.00.

¢) Machine depreciation cost
Considering the straight line depreciation method the depreciation cost is calculated
by spreading the cost of the machine evenly over the entire life.
Let the cost of the lathe machine is ¥ 12,00,000.00
Life period of the machine is 10 years.
Total Depreciation cost = Cost of the fixed asset / Life period
=< 12,00,000/10 years
=% 1,20,000.00
Consider the machine works on 25 days in a months and 8 hours per day for each
year.

The depreciation cost per hour = 120,000 =% 50.00
8x25x%12

d) Machine maintenance cost

The maintenance includes engine oil, lubrication oil, grease, motor belts, swarf
cleaning etc. Considering all these, the cost of maintenance of one machine per hour
is ¥ 13.00.

The operating cost of the machine per hour

= labour cost + electricity cost + machine depreciation cost + machine maintenance
cost.

=% 75.00+ % 64.00+ X 50.00+ 13.00 =X 202.00

Operating cost for 20 hours of machining =< 4041.00

Total cost involved for conducting one tool life test
= cost of cutting tool per edge + material cost for 20 kg + operating cost for 20 hrs

=% 125.00 +31296.00 + X 4041=X 5462.00 = $91.03 (X 60.00=$1)
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Appendix C

Semi Virtual Milling

The semi virtual milling consists of three modules: (i) NN based surface roughness
prediction module (ii) empirical relation based tool life prediction module and (iii)
tangential cutting force prediction module based on empirical relation. For a given
process parameters (v, f°, d), the milling machine provides center line average (CLA)

value of surface roughness (R,), tool life (7) and tangential cutting force (F).

(i) NN module for Surface roughness prediction

For predicting surface roughness of finish milling process ANN model is developed.
An experimental data from the work of Lou and Chen (1999) for end milling of
6061 aluminium alloy using HSS end mill cutter, is used in this work. The cutting
speed, feed/tooth and depth of cut are three input neurons of a neural network on
which the surface roughness depends. The data sets are in the range of cutting
parameters as cutting speed (v): 44.9—-89.7 m/min; feed (f'): 0.025-0.23 mm/tooth;
and depth of cut (d): 0.254—1.27 mm.

Cutting speed

Surface

Feed/tooth roughness

Depth of cut

Input layer Hidden layer ~ Output layer

Figure C1. NN model for surface roughness prediction
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Table C2. Testing data of NN model

Sl v f d R,
No. (m/min) (x10 (mm) (pm)
mm/tooth)
1 44.9 5.08 0.254 1.65
2 44.9 10.16 0.762 2.59
3 44.9 10.16 1.27 2.39
4 44.9 15.24 0.254 3.07
5 44.9 20.32 0.762 4.75
6 59.8 3.81 1.270 1.98
7 59.8 3.81 0.254 1.57
8 59.8 7.62 0.762 2.13
9 59.8 11.43 0.254 3.50
10 59.8 11.43 0.762 3.15
11 59.8 15.24 1.270 3.16
12 77.8 3.05 0.254 1.27
13 77.8 3.05 1.270 1.80
14 77.8 6.10 0.762 2.51
15 77.8 9.14 0.254 2.92
16 77.8 12.2 0.762 277
17 89.7 2.54 1.270 1.42
18 89.7 5.07 1.270 2.39
19 89.7 7.61 0.254 3.02
20 89.7 10.15 0.254 3.02
21 89.7 10.15 1.270 2.77
22 89.7 7.61 1.270 2.64
23 44.9 15.24 0.762 3.73
220

TH-1234_07610308



Appendix

Table C1. Training data of NN model

SL. v ! d R,

No (m/min) (xlO'2 mm/tooth) (mm) (pm)
1 44.9 5.08 1.270 1.83
2 44.9 23.02 1.270 4.37
3 59.8 3.81 0.254 1.47
4 59.8 7.62 1.270 2.34
5 59.8 15.24 0.254 4.14
6 77.8 3.00 0.762 1.60
7 77.8 9.14 1.270 2.41
8 77.8 12.20 1.270 3.07
9 89.7 2.54 0.254 0.94
10 89.7 5.07 0.762 2.08

For computation of weights, ‘logsig’ activation function is used for neurons in

hidden layer, whereas ‘purelin’ is used for output neurons. The network is trained

with the ‘trainlm’ function of MATLAB that works on back propagation algorithm.

The network performance is assessed by using root mean square fractional error. A

neural network topology with one hidden layer and with six neurons as shown in

Figure A1 having least effective error is selected as best network for this case.

The training performance of the network shows the percentage of error to be

within £20% limits and maximum error recorded is 15.6%. The network is validated

using 23 data sets and results obtained are within £20% limits.

(ii) Tool life prediction module

For the tool life evaluation of end mill cutter an empirical relation proposed by

Tolouei-Rad and Bidhendi (2007) is used:
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where T is the tool life in minutes, v is the cutting speed in m/min, C> is the constant

for 60 min tool life when the area of cut is 1 mmz, f1is the feed in mm/rev(= f%2)s d

is the depth of cut in mm, and g, w, and n are exponents for different tool and work
material combination. The factor Q is contact proportion of cutting edges with work
piece per revolution. However in online optimization using proposed methodology,
the ‘tool life’ data is directly obtained in a real machining environment. Note that
this equation is used to develop a black box module of tool life to simulate real

machining.

(iii) Cutting force prediction module: The module evaluates tangential cutting force
developed during end milling process. An empirical relation is used to evaluate the
cutting force. An experimental data presented in (Wan et al., 2012) is used to obtain
the empirical relation. However during online optimization the cutting force is

directly obtained in a real machining environment.
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