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Abstract

Machining is a method that important to the manufacturing process in the industry.
Productivity and product quality are always concerned with significant issues in
manufacturing technologies. Modern manufacturing aims to improve the machining accuracy
and efficiency of parts and products. However, machining variables involve the complex
machining phenomena that usually generates process limitations and reduces product quality.
Machining error is one of responsiveness in complex machining phenomena. It has directly
influenced by varying cutting conditions, workpiece shape, material characteristics, cutting
force, and workpiece deformation. Therefore, a reliable method for predicting machining

errors is essential to solving these requirements.

Small-lot production has attracted attention in the new tendency of manufacturing. Due to
the changing consumer behavior, the personalized, high-quality, and technology trends
require the service of direct-to-consumer manufacturing. Product prototype and mould
making for mass production are regarded as small-lot production that suitably serves by
milling process. On the other hand, end-milling is also a capable method for direct operating
on parts or products with a large variety of materials. This method does not require expensive
and time-consuming preparation. This research deals with a machining error modelling for
the end-milling of elastomer material because it's uniquely elastic deformation, crack
generation, and difficult to control machining error. Conventional control method of
machining error in elastomer end-milling has been studied with a limitation because most
machining services of the elastomeric parts are based on enterprise-dependent dexterities or

know-how. Therefore, this material has been selected to be a case study in this research.

In order to secure machining accuracy and control the phenomenon, this dissertation
proposes the machining error models through a systematic framework for machining error
modelling. In the framework, the candidates of model variables are evaluated based on the
preliminary experiments. Candidate variables are the cutting conditions and physical state
variables such as workpiece deformation and cutting force. The proposed models are
constructed by conventional data-centric approach, mechanistic knowledge-based approach,

and principal component analysis (PCA) based statistical approaches. The correlation

il



coefficient and multiple regression method are employed to compute the model's coefficient
and form the linear regression model. Three different models: the conventional cutting
condition model, mechanistic model, and statistical model are constructed. At the statistical
model construction, a proposed systematic procedure to determine the effective variable is
utilized. Afterward, the models are investigated by using larger experimental cases as the
evaluation experiment. From the experimental results, the models could generate a
comparison between calculated and measured machining errors. In addition, the statistical
model provides relatively good agreement. Therefore, it could be confirmed the proposed

machining error modelling.
Keywords: Machining error, Complex machining phenomena, Small-lot production,

Elastomer end-milling, Conventional control method, Mechanistic knowledge-based,

Statistical approach
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1. Introduction

This chapter will provide an initiative to the study by first discussing the research background
and context, followed by the purpose of the research and its outcome. Afterward, the structure

of the dissertation will be expressed.

1.1 Background of Research

1.1.1 Manufacturing processes in modern production

Manufacturing is a critical part of any economy, whether still developing or already advanced.
This sector has been at the top of the changing global trends over the recent decades. As a
continuously competitive circumstance, several developing economies emerged as prominent
manufacturing nations. Their demand decreased during a recession, and employment in
manufacturing fell rapidly in advanced economies. Consumers' requirements have become
increasingly diverse. The manufacturers must decide to enhance their services to modernize
production and respond to those specific needs. The popularization of these specialty
manufacturers has been part of a growing trend that drew the maker closer to the consumer
than ever before. Consumers are now searching out the products they desire rather than just
taking from the manufacturers' offers. Due to the changing behavior of consumers and
economic tendencies, the Covid-19 pandemic, the rising cost of labor, the growth of e-
commerce and mobile technology will lead more attention to small-lot production, batch
production, or direct-to-consumer manufacturing. The product life cycle will be shorter.
Consumers are drawn more towards personalized, high-quality goods with a mark of

craftsmanship and an environmentally friendly approach to production. [1-2]

As the continuing revolution of the manufacturing industry and the role of technology are
increasing, the variety of tools and materials could deliver products to the customer faster.
Many significant trends are shaping manufacturing in the present day, for example; [3-4]

e Increased Focus on Skills - the opportunity to learn new knowledge and skills to fill

the gap in the industry increased the level of expected skills
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Additive Manufacturing - three-dimensional objects and shapes are created by adding
layers opposed to the more traditional subtractive manufacturing. This method allows
manufacturers rapidly produce prototypes for their designers and engineers. Its recent
affordability has been a great driver of its growth and its role in helping smaller
suppliers take more control of their manufacturing

Advanced Automation - artificial intelligence, sensors, and vision systems are just a
couple of ways that basic automated systems can be transformed into advanced
automation with a lot of technology available today at a very reasonable price

Smart Machinery - machine-to-machine communication is part of data-driven

manufacturing. Besides, the Internet of Things is expected to provide data analytics

and inventory data to companies in real-time

Regarding the mentioned trends above, there are many conventional manufacturing methods

consisting of forming, joining, coating, casting, moulding, machining, and 3D printing with

the subtypes of each process as shown in Table 1-1. [5-6]

Table 1-1 Main types of manufacturing processes and their sub types

Main Type Sub Type Description Advantage & Limitation
Forming Forging, Stamping A manufacturing process uses suitable It can be processed with
Bending, Shearing, stresses such as compression, tension, high precision but cannot
Grinding or shear to deform the material and get  process with complex
the desired shape. This process shapes.
involves deformation and displacement
of material leads to no material
removal or loss of material.
Joining Welding, Soldering, A joining or assembling process is part ~ Necessary for assembly
Adhesive Joining, of every production process where two ~ works. Needed high level
Brazing, Fastening, or more parts are combined together to  of skills for welding
Mechanical Assembly get the required product. Health risks from welding
fume.
Coating Powder Coating, A method of covering the part surface Necessary for protecting

Sputter Deposition,

Electroplating

with powder or zinc or other chemicals
to protect it from corrosion, wear, and
other defects. It is also to improve the

material electrical conductivity or

magnetic response.

products from corrosion.
Risk of asthma and skin
irritation, and skin

sensitization.
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Table 1-1 Main types of manufacturing processes and their sub types (cont.)

Main Type Sub Type Description Advantage & Limitation
Casting Centrifugal Casting, A process that pours liquid metal into a ~ Suitable to provide a basic
Die and Mould Casting,  mould containing the hollow shape of shape and size to the
Sand Casting, the desired outcome. product, but mostly it cannot
Shell Moulding provide complex shapes,
intricate details and smooth
surfaces in mass production.
Moulding Injection Moulding, A manufacturing process that uses a Suitable for mass production
Blow Moulding, rigid frame to shape hot liquid or but unsuitable for small-lot
Extrusion Moulding, ductile raw material. It is mostly used production because it will
Rotational Moulding, to manufacture plastic products. take cost and time.
Thermoforming,
Powder Metallurgy
Machining Milling, Turning, A manufacturing process is used to cut ~ Compatible with various
Drilling, Shaping, a piece of raw material into the desired  materials, shapes, and small-
Honing, Finishing shape and size with the help of a lot production or prototype.
controlled material removal process. The error involved many
These processes are based on a factors as machining error.
common theme known as subtractive
manufacturing and are used for all
genres of products, especially metal
products.
Additive 3D Printing, A manufacturing process which This technology is growing
Manufacturing ~ Rapid Prototyping, reversible to subtractive manufacturing  at speed due to its high
Direct Digital of machining. It can build 3D objects efficiency and accuracy.
Manufacturing, by adding layer-upon-layer of material,

Additive Fabrication

whether the material is plastic, metal,

or concrete.

Ordinary manufacturing is traditional mass production in which molding became important
role-playing. Manufacturing repetitive parts and components with common shapes or even
complex shapes are required time and cost-consuming mould. On the other hand, a product
prototype, job shop manufacturing, and batch production are suitable with rapid production

for cost reduction. However, 3D printing or additive manufacturing involves the genre of
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materials limitations it can process. Therefore, some small-lot production or specific products
such as mould making (core and cavity), personal dental, and medical parts needed the

machining methods. [7-9]

1.1.2 Machining Error in End-milling Process

The modelling of machining operations has been evolving as a necessary engineering tool for
simulating the operational physics ahead of costly production trials of parts used in the
industry [22]. For achieving an accurate machining process, the model-based approaches are
sought as an alternative method of trial-and-error concepts. These notions are interesting and
investigated by researchers in many recent years. These lofty scrutinizes indicate that a
model-based approach must be promising. For these reasons, predictive models are constantly

being developed by estimating predicted machining errors with experimental results.

In traditional machining, material removal is accompanied by the formation of chips, the
machining process is an essential source of innovation and significantly contributes to
research and development, increasing productivity and quality of products. Machining
accuracy affects product quality, caused of the significant process parameters. The parameters
involved material removal volumes that influence the process precision. These obtained
effective outcomes such as an affected layer, surface roughness, and machining error. A
machining prediction model is required to reduce the cost and time of machining.

Nonetheless, good surface quality is indispensable.

Direct machining to raw materials is desirable for small-lot production in order to avoid the
cost and time consuming of mould production. The typical conventional researches of
machining processes are investigation of the single physical phenomenon affected by physics-
based factors such as cutting force, vibration, thermal expansion. However, considering
influences from the multiple physical phenomena is also necessary. In these phenomena, more
determinants than single physical aspect involved the machining error, surface roughness, and
other contributions consisting of the cutting force, workpiece deformation, chip separation,
and machining conditions. In order to find the direct relations between machining conditions
and the target values that correspond to the complex phenomena, by considering the single
and multiple phenomena, there are previous researches that attempted to investigate
machining process modelling prediction. Figure 1-1 shows the relation of factors and

contributions that influenced machining phenomena. [10-13]
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Complex machining phenomena are affected by varying determinants such as cutting
conditions, workpiece shape, and material characteristics. There are three categories of
approaches for investigating the phenomena included physics-based, data-centric, and
mechanistic. Firstly, based on computational mechanics such as Finite Element Method
(FEM) analysis. Second, utilize statistics to find direct relations between machining
conditions and values that represent phenomena. Finally, combine empirical knowledge and
appropriate numbers of preliminary experiments. Recently, the second approach has become
dramatic for accurately predicting in order to find direct information to control complex
phenomena. However, it is unable to be applied against machining because it requires huge
amount of learning data set which is difficult to prepare for a variety of wildly different

workpiece shapes and different machining methods.

Machining Conditions
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Depth of Cut (DoC) Cuttine For
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Workpiece Deformation
Chip Separation

Tool Deflection
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Complex Machining Phenomena

Surface Roughness
Machining Error
Other Conuributions
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Fig. 1-1 Factors and contributions of machining phenomena

In order to eliminate the error from the machining process, it is necessary to secure machining
accuracy. These essential parameters affect complex machining phenomena. For this reason,
various machining scenarios are studied and proposed by researchers. A compositional
machining simulation framework [14-16] presented the possibility of generating machining
errors with predictive methods for standard metal cutting processes. It is planned to assume
that the workpiece has good rigidity and perfect shape transfer. Low rigidity and different
fracture mechanisms lead to large machining error. Regarding a physics-based approach, the

analysis of workpiece deformation, chip separation, the cutting force has become seriously
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studied in soft materials [17-20]. Recently, a mechanistic approach was proposed for model-
based prediction of machining error in elastomer end-milling [21]. On the other hand, the
data-centric method has become mainly investigated because of the expectation to find direct
information to control the phenomena. Machine learning has become popular role-playing to
assist in terms of data analytics and statistical methods. However, big data sets and massive
preparations are needed. In addition, machine learning also requires time and resources
because there are complicated methods. Therefore, the proper modelling with the minimum
preparation has eagerly required for predicting complex phenomenon such as machining
error, surface roughness, and workpiece quality. A systematic construction of compositional
model based on the statistical evaluation is a promising approaches because aggregated
models of aspect models which correspond to each single phenomenon are expected to

represent characteristics of complex phenomenon.

1.1.3 Machining Error in Elastomer End-milling

Studying basic problems that have obvious limitations compared to a real-world problem has
several benefits. This dissertation mainly aimed to propose a framework for complex
machining phenomena and error generation modelling. In order to confirm a proposed
systematic procedure of evaluation framework, error modelling of elastomer end-milling is

investigated as an extraordinary than the other conventional materials case study.

End-mill

Deformed workpiece shape

SA Undesirable
| i 71 7 7 chip separation
III ,] J! ; ,f } i[ Cutting edge
I
N . Trajectory of cutting edge Workpiece
Initial workpiece shape
a) Workpiece Deformation b) Undesirable Chip Separation

Fig. 1-2 Error generation phenomenon in elastomer

A basis on the modeling of machining error in elastomer end-milling, a basic error generation

process of elastomer end-milling is analyzed to clarify possible error-related factors. There are
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two basic error generation phenomena which deteriorate the machine accuracy. Figure 1-2
shows the workpiece deformation at surface generation and imperfection of shape transfer by
undesirable chip separation. According to feed per tooth in elastomer end-milling, it usually
limited very small because of the limitation of workpiece holding and workpiece deformation.
Except the special machining situation such as employing diamond tool, surface generation
processes in elastomer end-milling with usual cutting tool become a mixed situation for
rubbing and tearing off as illustrated in Fig. 1-2(b). However, analyses of the elastomer end-
milling are required to consider chip separation with both of geometrical non-linearity and
material non-linearity under the solid contact environment. The numerical calculations with
the high non-linearity often cause numerical instability. Therefore, more stable method is
necessary to employ. Furthermore, determination of chip separation criterion in elastomer

cutting has not been solved [23-24].

The elastomer end-milling commence attracted considerable attention because of its excellent
characteristics, uniquely elastic deformation, and difficulty controlling machining error.
Although the standard metal machining processes are planned by assuming rigid workpiece
and perfect shape transfer, elastomer’s characteristics consist of low rigidity and different
fracture mechanism causing large machining errors. Concerning the workpiece deformation,
measurement and elastic analyses in elastomer end-milling have been investigated [25] with
a similar method to metal end-milling [19]. However, there is limited research about the
shape transferring error of elastomer because the chip separation mechanism of elastomer is
quite different from the mechanism of metals [20, 26]. The unique mechanical properties of
elastomers, particularly the large elongation to fracture and low thermal conductivity, can
greatly affect chip formation during machining [27]. This research proposes the continuing
developed model as the empirical model for machining error in elastomer end-milling
prediction models with complex machining phenomena. From the mentioned framework,
preliminary experiments have been designed and considered for constructing the error
models. A conventional machining error model has been generated from the cutting
conditions. A second model simulated physical state value and mechanistic knowledge-based
has been created as a mechanistic model. Finally, the statistical model which a hybrid of the
correlated variables between cutting conditions and mechanistic knowledge has been
constructed as an empirical statistics-based model. Afterward, these created models are
investigated by evaluating the predicted machining error with larger experimental results by

comparing calculated machining error and measured error from actual cutting experiments.
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1.2 Purpose and Outcomes of Dissertation

The principal purpose of this dissertation is to propose a machining error modeling framework
and empirical machining error prediction models in the case of elastomer end-milling as a
case study. In order to confirm a proposed systematic procedure, the study attempts to focus

on the following;

1) To propose a modelling framework and investigate the systematic-procedure of
machining error modelling

2) To construct the machining error prediction models in diversified conditions

3) To evaluate the developed model by comparing the estimated and actual machining

error obtained from prediction models

1.3 Structure of Dissertation

This dissertation contains six chapters in which three sections of the details are organized and
explained as follows; the first section, chapters 1 and 2, express the theoretical and previous
methodological perspective through relevant literature. In the second section, chapters 3 and
4 will propose the machining error modelling framework, modelling concepts, experiment
configuration, and machining error prediction models construction via the preliminary cases.
Finally, in chapter 5, the evaluation experiment will be expressed to confirm the prediction
models and the machining error results will be discussed. Chapter 6 is the conclusion and the

further aspect of the research. The structure of the dissertation will show in Fig. 1-3.

Chapter 1 will provide an initiative to the study by first discussing the research background
and context, followed by the purpose of the research and its outcome. Afterward, the structure

of the dissertation will express.

Chapter 2 engages with the theoretical and methodological perspectives and previous studies

on machining error prediction through the relevant theory and literature reviews.

Chapter 3 introduces the compositional modelling for the machining error prediction model.
A mapping function of the complex machining phenomena led to the concept of modelling

frameworks. Firstly, a framework for machining error modelling will be proposed for creating
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the model. Then an evaluation framework will be investigated by a fundamental evaluation of

the machining error model to confirm a good agreement of the measured machining error.

Chapter 4 proposes diverse machining error models based on elastomer end-milling. These
machining error prediction models consist of conventional cutting conditions, mechanistic,
and statistical. The concepts of modelling, experimental setup and configurations, preliminary

experiment, model construction, and formula will systematically be described.

Chapter 5 expresses an evaluation experiment with the larger cases of machining conditions
for evaluating the prediction models. Finally, the results of machining error will be discussed

and compared.

Chapter 6 is the final chapter of this dissertation which will express the conclusion of this

research. After that, the tendency of the research will be presented as a further aspect.



Chapter 1: Introduction

Chapter 1:

Introduction

Y
Chapter 2:

Literature Review

Y

Chapter 3:

Framework for Machining Error Modelling

Y

Chapter 4:

Compositional Machining Error Prediction Models

Y

Chapter 5:

Evaluation Experiment and Results Discussion

Y
Chapter 6:

Conclusion and Further Aspect

Fig. 1-3 Structure of the dissertation

10



2. Literature Review

This chapter engages with the theoretical and methodological perspectives and previous

studies on machining error prediction through the relevant theory and literature reviews.

2.1 Small-lot Manufacturing

Small-lot production describes the manufacture of a small number of items of the same type
and design. The production run varies from between three and one hundred items. Unlike
industrial mass production, products are made in small numbers for a very limited market
only. Production is considerably more expensive. Small lot productions are common in
product design as well as in crafts [7-9]. A “limited edition” is produced in considerably

greater numbers than a small lot production.

The lot size refers to the quantity of an item ordered for delivery on a specific date or
manufactured in a single production run. In other words, lot size basically refers to the total
quantity of a product ordered for manufacturing. A smaller lot of production is an important
part of many lean manufacturing strategies. Inventory and development directly affect the lot
size. There are other factors too, which are less evident but equally essential. A small lot size
causes a reduction in variability in the system and ensures smooth production. It enhances

quality, simplifies scheduling, reduces inventory, and encourages continuous improvement.

On the other hand, a product prototyping or non-mass production such as make-to-order
(MTO) production needs to utilize machining methods [10, 28]. Particularly in the small-lot
production of elastomeric parts, a reliable and accurate production method is eagerly desired
[29-30]. In order to guarantee essential quality indexes such as surface roughness and

machining error, a prediction model is highly required for reducing the cost and time of

machining [15-16].
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2.2 Machining Error

Machining is a subtractive manufacturing process that involves material removal. This
method is usually in the form of chips removal from the workpiece. Machining using a cutting

tool or energy source, the material has been removed from the workpiece. [31]

2.2.1 Machining Process Classification

In traditional machining, material removal is accompanied by the formation of chips, which is
accomplished by using a cutting tool with cutting edges. On the other hand, nontraditional
machining processes are chip-less material removal processes that involve energy usage for
material cutting. The traditional machining operations include turning, drilling, milling,
shaping/planning, broaching, grinding, and so on. Machining can be regarded as a system
consisting of; workpieces, cutting tools, and equipment (machine tools). Figure 2-1 shows the

classification of machining process. [32]

Conventional Machining
+  Turning

+ Drilling

+ Milling

Y

«  Shaping/Planing
+  Broaching

+  Sawing

«  Etc.

Nontraditional Machining

+  Mechanical Energy

Machining Process
+ Thermal Energy
Machining Machining Process

A 4

Process «  Electrochemical

Energy Machining

Process

+  Chemical Machining

Micro & Ultra Precision Machining Abrasive Machining
+  Micro Precision Machining + Grinding
+  Ultra Precision Machining + Surface Grinding

+  Cylindrical Grinding
+ Centerless Grinding

«  Abrasive Finish Machining

A4

+  Honing

+ Lapping
+  Superfinishing

+ Polishing

Fig. 2-1 Machining process classification
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2.2.2 Conventional Machining Process

Conventional machining processes involve using machine tools, such as lathes, milling
machines, drill presses, shapers, or others, with a sharp cutting tool that removes material to
achieve the desired geometry. The cutting tool may be either a single-point tool or a multiple-
point cutting tool. Notable examples of conventional machining processes include turning,

drilling, milling, shaping, broaching, and so on.

Depth of Cut

‘Workpiece
TN 4

\(d) /— Machined Surface

Cutting Speed

Feed per revolution (N)
} \ Rotational Speed
Chip
- .
Cutting Tool

a) Basic turning operation [33]

/2.
‘-|—._.___..--"" .
Tool Rotadon

Depth of Cut

I

W orkpiece

l Feed

b) Basic milling operation [34]

Fig. 2-2 Conventional machining operation
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Turning involves the removal of material from a rotating cylindrical workpiece using a single-
point cutting tool; the latter has a feed motion. In machining, there exists a relative motion
between tool and workpiece which is the primary motion called cutting speed, whereas the
second motion is called a feed. There are three fundamental cutting conditions: cutting speed,
feed, and depth of cut. Cutting speed is the greatest of the relative velocities of the cutting
tool or workpiece. For example, in a turning machining operation, the surface speed of the
workpiece is the cutting speed (v), usually expressed in m/min (see Figure 2-2 a). Feed (#) is
the distance moved by the tool (or sometimes by the work) per revolution, usually expressed
as mm/rev. Depth of cut (d) is the distance the cutting tool penetrates the work. Milling
involves the use of a rotating cutter with multiple-point cutting edges; here, the cutting tool

has speed motion, and the work has feed motion. (see Figure 2-2 b)

2.2.3 Machining Accuracy and Surface Quality

In conventional machining processes, it is often desirable to remove high stock from the bulk
material (solid) as well as to achieve reasonably good surface quality. However, the
achievement of both objectives in a single pass is not possible. Thus, machining is usually
carried out in two steps with varying cutting conditions (cutting speed, feed, and depth of
cut). The two steps in machining are (a) roughing pass and (b) finishing pass. In the roughing
pass, a bulk amount of material is quickly removed from the workpiece as per the required
feature. In this step, a higher feed rate and depth of cut are employed to achieve a high
material removal rate from the work. The roughing pass creates a shape close to desired
geometry but leaves some machining allowance (material unremoved) for finish cutting. The
roughing pass cannot provide a good surface finish and close tolerance. This is why a finishing
pass is carried out to improve surface finish, dimensional accuracy, and tolerance level; here,
the feed rate and depth of cut are low. Thus, the material removal rate (MRR) is reduced in

the finishing pass, but the surface quality is improved. [35-36]

2.2.4 Cutting Phenomena

The complex machining phenomena are influenced by varying cutting conditions, shape of
workpiece, and material characteristics. Previously, there are three types of investigations to
predict the complex phenomena. They are physics-based, data-centric and mechanistic

approaches.

14
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e Physics-based Approach - This approach based on the computational mechanics
such as Finite Element Methodology (FEM) analysis. They are required only
minimum numbers of preliminary experiments that expected to be applicable to
various machining situation [37]. FEM based machining process models are
used in research and industry for process design and optimization. They require
a constitutive description of the material behavior to accurately model and

predict process response [38].

e Data-centric Approach - Data-centric become popular recently, they require a
huge amount of experimental data. In usual machining situation, it is difficult to
measure physical information during the machining operation. In order to
achieve accurate and stable prediction method with limited preliminary
experiments, it is necessary to utilize empirical process knowledge effectively
[39]. They utilize statistics to find direct relations between the machining
conditions and values which represent phenomena. Furthermore, they also
utilize preliminary experiment as much as possible to construct reliable

phenomena model.

e Mechanistic Approach - This approach combines empirical knowledge and
appropriate numbers of preliminary experiments [40]. Workpiece deformation
and shape transfer error should be considered to formulate a mechanistic model
of machining error in end-milling. It can be calculated by using FEM analysis
when appropriate calculation model is prepared. This calculation process can be
achieved based on established systematic procedure. In addition, the workpiece
deformation field at continuous workpiece can be considered smooth

distribution.

For predicting complex phenomena, data-centric approaches have been mainly investigated
because they are expected to find direct information to control the phenomena. Anywise,
these approaches cannot be adapted against machining variety such as different workpiece

shape and different machining method. Figure 2-3 shows the factors of cutting phenomena.
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Fig. 2-3 Cutting Phenomena (modified from [41])

2.2.5 Orthogonal Cutting Model

The machining process is a complex 3D operation. A simplified 2D model of machining is
available that neglects many geometric complexities, yet describes the process quite well.
Orthogonal cutting uses a wedge-shaped tool in which the cutting edge is perpendicular to
the cutting direction. As the tool is forced into the material, the chip is formed by shear
deformation along a shear plane oriented at an angle ¢ (shear angle) with the surface of the
workpiece. Along the shear plane, plastic deformation of work material occurs. The tool in
orthogonal cutting has only two elements of geometry: (1) rake angle and (2) clearance angle.
The rake angle a determines the direction of chip flow as it is formed, and the clearance angle
provides a small clearance between the tool flank and the newly generated work surface.
During cutting, the cutting edge of the tool is positioned at a certain distance below the
original work surface. This corresponds to the chip thickness prior to chip formation [41].
Figure 2-4 shows a simple two-dimensional orthogonal cutting model and the significant
geometrical parameters involved in chip formation. This model assumes the tool as a single
point characterized by rake angle (a) and clearance angle (B). The rake angle (a) is

dominant in controlling the cutting forces, tool chip contact length, and vibrations. A small
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value of the clearance angle (normally 6°-7°) prevents the rubbing between the tool and the
machined surface and hence controls wear on the tool and residual stresses on the machined
surface. Shearing of un-deformed chip thickness (t) occurs on a plane defined by a shear angle
(f). The contact length (Z,) is the distance on the rake face of the tool at which the deformed
chip (z) is in contact with the tool rake face i.e. it is a measure of the rake face surface over
which the chip flows. This contact length can be further classified as the sum of sticking (/)
and sliding (/) lengths. The important theories based on the orthogonal cutting model which

have paved the way for the analysis of the chip formation process include Merchant’s model.

Fig. 2-4 Orthogonal cutting model [42]

2.2.6 End-milling Process

End-milling refers to a physical surface preparation process used to generate material chips
by feeding a metal workpiece into a revolving cutter. End-milling is a practical and very

common procedure in industrial fabrication applications.

End-milling is widely used in machining moulds and dies, as well as, various aircraft
components. In order to ensure cutting quality, tool life prolongation, and productivity,
accurate milling process analysis is critically necessary for beforehand process planning and
adaptive controlling. During the entire milling process, cutting force is one of the most
important issues, as well as an efficient and precise cutting force model, is thus crucial for

selecting machining parameters such as feed rate and spindle speed.

Conventional milling process (up-cut), the metal is removed in the form of small chips by a

cutter rotating against the direction of the travel of the workpiece. The chip thickness is
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minimum at the beginning of the cut and maximum at the top of the cutting. The climb milling
process (down-cut) claimed that there’s less friction involved and consequently less heat is
generated on the contact surface of the cutter and workpiece. The cutting tool moves in the
same direction as the workpiece and removes the material. The process of up-milling and

down-milling is illustrated in Fig. 2-5.
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Fig. 2-5 Process of up-milling and down-milling [43]

2.2.7 Cutting Force and Deformation in Milling

A considerable amount of investigations has been directed toward the prediction and
measurement of cutting forces. This is because cutting force is a result of the extreme
conditions at the tool-workpiece interface and this interaction can be directly related to many
other output variables such as generation of heat and consequently tool wear and quality of
machined surface as well as chip formation process and the chip morphology. Measurement
of forces becomes mandatory in certain cases say, adequate equations are not available,
evaluation of the effect of machining parameters cannot be done analytically and theoretical
models have to be verified. Several works are available in the literature that makes use of
different types of dynamometers to measure the forces. The dynamometers being commonly

used nowadays for measuring forces are either strain gauge or piezoelectric types. Though the
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piezoelectric dynamometer is highly expensive, this has almost become standard for recent
experimental investigations in metal cutting due to its high accuracy, reliability, and

consistency. [44]

Estimation of forces acting between tool and work material is one of the vital aspects of

mechanics of cutting process since it is essential for:

e Determination of the cutting power consumption
e Structural design of the machine-fixture-tool system
e Study of the effect of various cutting parameters on cutting forces

e Condition monitoring of both the cutting tools and machine tools

Analysis of force during machining includes the magnitude of cutting forces and their
components and location of action of those forces as well as the pattern of the forces, say,
static or dynamic. The Merchant’s circle diagram is shown in Fig. 2-6 with schematic
representation of forces acting on a portion of continuous chip passing through the shear

plane at a constant speed which is in a state of equilibrium.

I‘ha\\/

Shear plane t2

Fig. 2-6 Merchant’s circle diagram [45]

F; and F, are called shear force and normal force, respectively, that act on the chip from
workpiece side i.e. in the shear plane. Fand NV are friction force at chip-tool interface and
force normal rake face, respectively, that act on the chip from the tool side i.e. in the chip-tool

interface. These forces can be determined as follows:
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F = FE.sina+F,cos¢ ... (2-1)
N = F.cosa+F;sina
F, = F,cos@+F,sin®
FE, = F.sin®+F;cos®

Chip formation and its morphology are the key areas in the study of the machining process
that provide significant information on the cutting process itself. The process variables such
as cutting force, temperature, tool wear, machining power, friction between tool-chip
interface, and surface finish are greatly affected by the chip formation process and chip
morphology. Chip is formed due to the deformation of the metal lying ahead of the cutting
tool tip by the shearing process. The extent of deformation that the workpiece material
undergoes determines the nature or type of chip produced. The extent of deformation of chips
again depends upon cutting tool geometry (positive or negative rake angle), workpiece
material (brittle or ductile), cutting conditions (speed, feed, and depth of cut), and machining

environment (dry or wet machining). [45]

For mechanical machining, the concept of similarity is fatal. If a product that looks similar is
used in combination with other products, the defects will continue to magnify, causing the
processing quality of the factory to fail to meet the high-end precision manufacturing
requirements. We all know that the problem of workpiece deformation in machining centers
is more difficult to solve, so we must first analyze the reasons for the deformation, and then

take countermeasures. The causes of deformation from many reasons are as follows;

e The material and structure of the workpiece affect the deformation
e Deformation caused by workpiece clamping
e The deformation caused by the processing of the workpiece

e Stress and deformation after processing

However, the deformation of the workpiece due to cutting force induced accounts for the
majority of machining errors, in the range of 40-70%. Therefore, many researchers have paid
increasing attention to more efficient and accurate error prediction methods for low-rigidity
parts [46]. In case of an end-mill with multiple cutting edges, Figure 2-7 shows a schematic
diagram when the j,; (cutting edge number) cutting edge is at the tool rotation angle 0. The
instantaneous cutting forces of the cutting edge tangential force F, (0 ), tool radial force £

(6), and tool axial force F,; (0 ) are the cutting edge contact length (axis) corresponding to
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the cutting width of two-dimensional cutting. It is expressed as follows using the direction cut
amount (a), and the cut (cut thickness) 4 (0 ). In the case of a straight-edged end-mill, F}
(6 ) does not occur because the influence of the bottom edge of the end-mill can be ignored

when the assumption of two-dimensional cutting is established.

Second cutting edges

Fig. 2-7 Instantaneous cutting force in end-milling [47]

The cutting force prediction model used in the previous studies is for metal cutting. It can be
expressed by the formula on the left using the axial depth of cut, the nominal depth of cut, the
coefficient per unit area, and the coefficient per unit length, as shown in Fig. 2-8, and can be

expressed in Eq. (2-2).

Fig. 2-8 Interrelationship of cutting force in end-milling [47]

21



Chapter 2: Literature Review

F;;(6) = K. ah(®)+Kia ... (2-2)
Frj(6) = Kycah(6) + Kyea

Fgj(0) = Kycah(0) + Keea

h(0) = f;cosO

where; Fj; (0 ); instantaneous cutting forces of the cutting edge tangential force (N/mm?), F,;
(6); tool radial force (N/mm?), a( 6 ); axial depth of cut (mm), A( 6 ); thickness of cutting

(mm), K, K, Kie, Ko are the cutting coefficients obtained by experiments.

The considerable rise in computer processing speeds makes it possible to incorporate the
finite element methodology (FEM) for analyzing various aspects of the metal cutting process,
thus overcoming most of the restrictive assumptions associated with analytical models. Many
investigators have adopted FEM to gain a better understanding of the machining process. In

this research we used ANSYS software for investigating the deformation of elastomer.

The finite element method is a numerical method seeking an approximated solution to a wide
variety of engineering problems. The engineering problems are boundary value problems (or
field problems) containing one or more dependent variables that must satisfy a differential
equation everywhere within a known domain and satisfy specific conditions on the boundary
of the domain. The field is the domain of interest, often representing a physical structure
while the dependent variables of interest are called field variables. The specified value of a
field variable on a field scope is called a boundary condition. Field variables may include
displacement in solid mechanics’ problems consisting of the temperature in heat flow problem
velocity, fluid flow problems, etc. in FE modeling for physical problems. A few basic steps are
required, which are common for any type of analysis, whether it is a structural problem heat
flow, or fluid flow. [44-45]

2.3 Elastomer End-milling

Elastomers are wildly used in various applications because of their excellent characteristics,
including low elasticity, insulation performance, and flexibility. Because elastomeric parts are
usually mass-produced consumables, moulding is applied in their fabrication. However, a

small-lot fabrication of elastomeric parts is needed for variation products development;
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personalized products, and trial products. Etc. In order to achieve an agile production of

elastomeric parts, the end-milling of elastomers has begun to attract considerable attention.

The elastomer end-milling commence attracted considerable attention because of its excellent
characteristics, uniquely elastic deformation, and difficulty controlling machining error. Since
the standard metal machining processes are planned by assuming rigid workpiece and perfect
shape transfer, elastomer’s characteristics consist of low rigidity and different fracture

mechanism causing large machining errors.

2.3.1 Cutting Force and Deformation Studies in Elastomer Milling

In the conventional metal end-milling, cutting force during the end-milling is one of the
dominant factors to machining error. The cutting force causes the workpiece deformation,
thermal formation, machine tool deflection, and tool wear. On the other hand, most
elastomers have low rigidity then the relationship between cutting force and machining error
is considered a fundamental characteristic. The chip formation mechanisms of elastomers are

moderately different from those of metal milling.

end-mill

width of cut
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Fig. 2-9 Elastomer end-milling simulation model

Furthermore, the deformation of the workpiece dominantly affects the machining accuracy.
These facts indicate that the problem to be tackled for the end-milling of soft objects or
elastomers is to control the appropriate surface generation of the machined workpiece that

can overcome by designing an optimized cutting tool shape and/or determining proper
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machining conditions. Because of the large variety of elastomer objects, it is necessary to
develop a systematic method to aggregate empirical cases to generate a mechanistic model of
the surface generation process. There is little knowledge of those factors that are dominant to
the error and required further knowledge. Therefore, a preliminary evaluation of the
important factors is necessary [30]. Figure 2-9 shows the simulation model for elastomer end-
milling. Figure 2-10 proposes the concepts of the experimental design to find machining

errors based on elastomer end-milling.

(1) Experiment data measurement

50
0150 0
30 4
0.100 4
20
0.050 - 10 1
0
0’000 L 1 J -10 .
0 0.01 0.02 0.03 5.8 582 584 586 588
Deformation Cutting force

(2) Parameters estimation

! Experiment
|

| Comparison I

Compare the experimental and analytical values of Analysis model
geographic deformation in cutting under certain conditions.
Estimate the rigidity and damping characteristics that match

these values.

@) Application to diverse conditions

0.200 Comparison and evaluation of workpiece

deformation due to cutting under different
conditions and analysis results using estimated
parameters

0.150 +

0.100 -+

0.050 Cutting conditions

Deformation [mm]

0.000 Tool rotation speed, Feed rate,

0 001 002 003 Width of Cut (WoC), Depth of Cut (DoC)

Time [sec]

Fig. 2-10 Systematic model construction procedure
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In previous research done on elastomers machining, machining error and stable work holding
have been necessary obstacles to appropriate end-milling of elastomeric parts. These works

became the main inspiration for this research are as follows;

Shih et al. [30] have reported that the extraordinary mechanical properties of elastomer,
considerably enduring elongation and low thermal conductivity are capable of affect chip
formation during machining significantly. In other words, tool wear is not a dominant factor
for elastomer end-milling. Meanwhile, the accumulations of cutting heat and the influence of
thermal effects are not a dominant factor of the error tendency have been reported [25].
Therefore, it is promising to improve the machining accuracy by considering the mechanistic
surface generation model with the dominant factors such as cutting force, workpiece
deformation, and machining conditions for elastomer end-milling. In 2008-2010, Teramoto
K. et.al, have proposed a framework for machining the soft objects as well as the machining
error in soft objects end-milling, respectively [15-16, 48]. In 2012, Kakinuma Y. et.al, studied
the ultra-precision cryogenic machining of viscoelastic polymers [49], while Tsurimoto S. and
Moriwaki T. studied the experiment on the cutting of silicone rubber under hydrostatic
pressure [50]. In 2015, Nakamoto K. et.al, introduced the dexterous machining of soft objects
by the means of a flexible clamper [51]. Similar to Kakinuma Y., in 2016 Putz M. studied the
mechanism of cutting elastomers with cryogenic cooling as well [52]. In the same year,
Funatani K. et.al, have proposed their research on the dexterous creation pattern of the

urethane rubber [53].

2.3.2 Machining Error Studies in Elastomer End-milling

The machining error in the end-milling process has involved machining conditions, workpiece
shape, and material removal characteristics. During the actual machining situation, workpiece
shape and machining conditions such as depth of cut (DoC) and width of cut (WoC) are
varied according to the machining process [25, 37, 54]. Furthermore, tool rotation speed and
feed rate are sometimes adjusted to find the appropriate conditions when the new cutting
tool, workpiece material, and/or different workpiece shape has to be applied. Regarding the
workpiece deformation, the elastic analyses and measurement in the elastomer end-milling

have been investigated by a similar method for metal end-milling [37-39].

Wu et, al. (2017) [21] proposed a model based mechanistic for machining error prediction.
The model which utilized machining knowledge for empirical model formulation was

employed. By introducing a mathematical model which reflect process knowledge, stabile
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calculation with limited experimental data. As mentioned in topic 2.2.4, thus, the deformation
at cutting point can be presented by a function of a displacement of a neighborhood point of
cutting point. On the other hand, the shape transfer error is complicated to model
quantitatively because it is affected by a crack generation point, a trajectory of crack
propagation, and slippage between cutting tool and workpiece. From the analysis of crack
generation of elastomer, the indentation forces, an indentation depth, and a local stiffness are
important factors for the crack generation. Because the indentation depth can be related to
the local workpiece deformation, it is assumed that the shape transfer error is affected by the
workpiece deformation, cutting force and the local stiffness of workpiece. Based on the
extracted factors to explain the machining error for elastomer end-milling a simplified error

model which can be applicable to statistical analysis was introduced.

In the experiment stage, a high-speed steel end-mill with a 6-mm diameter and a two-flute
straight blade edged with a 20 um roundness was applied on the machining center. Urethane
rubber shore A90 hardness is employed as elastomer material because of its unique
characteristics and mechanical properties. In addition, there are significantly difficult
controlling chip separation and cutting phenomena [29-30]. The experiments have been
conducted the pattern according to our previous study [55]. Table 2-1 detailed this research
instruments, materials and their specification. Then Chapter 5 will explain of the setup and

configurations of these instruments.

Table 2-1 Experimental instruments, materials and their specification

Instrument/Material Specification
. 7 Machining center: TOMINAGA
Model D-Matric 24

Moving distance: 600 x 250 x 250 mm.
Table size: x-axis 900 mm., y-axis 300 mm.
Spindle: 40-4000 rpm.

Speed: up to 6,000 mm/min.

Power meter: Model 3-component force sensor 9327C: KISTLER
Preloaded with a jig to enable measurement of cutting force

Measurement range; X, Y direction: -1 to 1kN, Z direction: -4 to 4kN

Sensor unit weight: 380g
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Table 2-1 Experimental instruments, materials and their specification (cont.)

Instrument/Material

Specification

|

Machine vice: IKEA-MISUMI
Material: Cast iron WIKFB 150

High speed camera: MotionXtra NR4-S2-IDT

Sensor: CMOS-Polaris II

Recording memory: 1.25 GB

No. of Pixel: 1.0 Megapixel, 187.14 pm? pixel size

Analysis software: Motion Studio

Multi-function generator: A&D-AD-8623A

Output frequency range: 0.3 Hz ~ 3 MHz

Output wave form: Square

Rise and fall time: 100 ns or less

LED light source

High-performance LED light source

Used instead of the conventional halogen light source

AC power supply unit output: KEYENCE

Model: KZ U3
Power: DC24V1.4A

Mirror

For reflecting workpiece deformation observation recording by

the HSS camera during machining
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Table 2-1 Experimental instruments, materials and their specification (cont.)

Instrument/Material

Specification

Non-contact Laser Displacement Sensor: KEYENCE KS 1100
High-precision shape measurement system with stage
Pitch Measurement: 70 pm

CCD laser displacement meter LK- GD500

Metallic base
Double stick tape
Use NITOMS'
"Ultra-strong double-sided tape for polyethylene No.5015"

to fix the work and base

High speed steel (HSS-SKH57) end-mill: MISUMI
Type: 2-flute straight-blade, Diameter: 6 mm.
Tool length: 60 mm. Cutting length: 20 mm. Edge roundness: 20 um
Density: 8,160 kg/m?, Young’s modulus: 2.26e+05 MPa
Poisson's Ratio: 0.29, Bulk Modulus: 1.7937e+05 MPa
Shear Modulus: 87597 MPa,
Tensile Yield Strength: 2.17e-15 MPa
Tensile Ultimate Strength: 2.39e-15 MPa
Isotropic Secant Coefficient of Thermal Expansion: 1.02e-05 1/°C
Isotropic Thermal Conductivity: 0.022 W/mm-°C
Specific Heat Constant Pressure: 4.65e+05 mJ/kg-*C

Isotropic Resistivity: 0.000832 ohm.mm

Urethane rubber hardness shore A90
Density: 1.15e-06 kg/m3, Young’s modulus: 98.778 MPa
Poisson's Ratio: 0.49, Bulk Modulus: 1646.3 MPa
Shear Modulus: 33.147 MPa
k-Matrix Damping Multiplier: 0.0012
Marker film
MIRACLE's "Miracle Sheet Film Seal" to transfer the marker to the work
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During the machining process, a side view of the workpiece is reflected by a mirror and
photographed by a high-speed camera for observing cutting behavior. These devices are
detailed in Table 2-1. Regarding the machining observation, there are a bit uncut parts at the
beginning of cutting, and there are a bit uncut parts at the end of machining because of the
unique characteristic of elastomers which are difficult to machine. Figure 2-11 shows the

observation markers on the workpiece.

Workpiece deformation

. Machined surface
measurement position

"/
a4

A R
666585585564
55555555856
66555555556
55555555856

Fig. 2-11 Workpiece with marker film for machining observation

Because of the recording time limitation of the high-speed camera, the synchronized
measurements are also limited. Therefore, all workpieces are divided into three sections then
the machining experiments are conducted three times for each workpiece. The number of
three markers indicated by the red marker as shown in Fig. 2-11, referred to the measured
positions at each experiment. The distances of each point starting from the edge of the

workpiece are 3 mm, 11 mm, and 17 mm, respectively.

Fig. 2-12 Behavior observation during machining
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Figure 2-12 expresses behavior observation during machining. A high-speed camera is
employed to record workpiece deformations at the quasi-two-dimensional machining. From
the recorded images, workpiece deformations at representative points are measured by using

visual tracking of the marker. Figure 2-13 shows the tracking screen using a software analyzer.
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Fig. 2-13 Tracking screen using software analyzer

The machined workpiece was removed from the dynamometer after machining and placed on
the measuring equipment. A schematic of the machining error measurement is shown in Fig.
2-14. A non-contact laser displacement sensor was utilized for measuring the machined
workpiece surface. The average difference between the idealized surface and measured
surface has been calculated. The synchronized measurement points are extracted
corresponding to the machining error. The blank workpiece that is attached to the metallic
base (see Fig. 2-15) has been measured thickness before machining. Subsequently, a laser
displacement sensor with a spot size of 70 micrometers was used to scan the machined

elastomers.
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Laser displacement sensor
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Fig. 2-14 Schematic of machining error measurement
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Fig. 2-15 Machining and measurement configuration
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The surface of the metallic base was used as the reference (datum) surface for machining and
measuring, as shown in Fig. 2-16. By comparing the before and after scanning thickness data

of blank workpiece and machined surface, machining error has been estimated.

Fig. 2-16 Machined workpiece on a metallic base
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Fig. 2.17 Measurement area for machined workpiece
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From obtained surface data, the machining error corresponding to the synchronized
measurement points are extracted. As a machining error, average differences between the
ideal surface and measured surface are calculated. Because of near edge areas have burr shape
error, the machining errors are calculated by using the middle of profile curve (80% of
workpiece width) as shown in Fig. 2-17. Afterward, obtained machined-surface data will be
evaluated by a software analyzer and then recorded for the comparing process as illustrated

in Fig. 2-18 and Fig. 2-19, respectively.

Width of Cut Width of Cut Width of Cut Width of Cut 500

0.3mm 0.5mm 0.7mm 1.0mm

— 250

r3

0.0125
mm/tooth

=
= -250
] 8 .
(=) g |
(= l
g L i SSEES -500
[um]

Fig. 2.18 Processed surface shape evaluation

2 Motion Studio B (NAS3 " HHEY A —H=y N

@ J7UE) WEE) BRI T5—() AASEQ) F—H(D) Ea—() Y—IUI) D1>EI(W) AL (H) _ %

] =lEeN | 2% -] & A 4@

517
317 Ly |

jE[a Rl

PrM1Ivas v

m> [am [mm |
to4-54 |0 ot
vk w0 v
o e): 157 v
orE-F

BEFEL ok RE
WRIBSAE  FIOLY

{ 12Bit
emvy:
=

10 Bt
ROIL: (288,376) 480x256 |, ||l

£ 20723300802 @)@

[ Ready X:0230 Y:0135 @ EHtILE: 260 (104h)

Fig. 2.19 Machining error measurement
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2.4 Statistics Implementation

There are essential statistics approaches involved in this research. The main task of these
statistics is distinguished into three divisions. First of all, the principal component analysis
(PCA), is a part of machine learning which responded to the main criteria components'
relationships to create a based-statistics machining error model in this research. Secondly, the
correlation coefficient is a statistical method that computed the main effect of the significant
coefficient values. Finally, the multiple regression analysis was used to calculate the solution

on linear regression for comparing the model results.

2.4.1 Principle Component Analysis

Principal component analysis (PCA) is the main component of a problem in which several
factors are considered. They are not treated individually but comprehensively. In other words,
the comprehensive characteristics of some explanatory variables x;, xz x3 -, x, can be
expressed by linear expressions such as a;x; + azxz ++*+ + a,x,. This formula is called the main
component. The number of principal components is equal to the number of variables
contained in the data to be analyzed. Therefore, in this study, a total of 18 main components
can be obtained. The names of each principal component are called the first principal

component (PC1), the second principal component (PC2), and so on. [56-59]

Since the 81 data in this study deal with 18 variables, there are many numerical values, and it
is difficult to see which processing conditions are affected. However, when the machining data
is divided into several clusters, from the principal component analysis that it is inappropriate
to apply a single prediction model, simple numerical values, and the degree of variation in
each machining case, can be understood. The flow of principal component analysis is shown
below;
e Data reading
e Standardization of experimental data
e Execution of principal component analysis
(1) Principal component score
(2) Plot of PC1 and PC2
(3) Plot of principal component score from PC1 to PC18
(4) Contribution rate/ cumulative contribution rate/ eigenvalue/ eigenvector
of each principal component

(5) Plot of eigenvectors for each condition
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The analysis contents will be explained in order. Since some of the 18 variables have different
units, the standardization of experimental data is performed for the purpose of establishing a
certain standard that allows the numerical values between each condition to be used in

common.

The principal component score is the score of each principal component in each data, and the
data is rotated based on the principal component axis. The value corresponding to the
coordinates when it is set. A plot of the principal component scores with each principal
component placed on the coordinate axes. Contribution rate indicates how much the
information represented by the eigenvalue of a certain principal component occupies in all
the information of the data. It means the variance composition ratio of the score of the
principal component in the total variance of the entire variable. It represents the equation
obtained in Eq. (2-3).

. . _ Eigenvalue _
Contribution Rate = ——2o"="rmees X100 e (2-3)

The cumulative contribution rate is the sum of the contribution rates of each main component
in descending order. The component shows how much the amount of information that the

data had is explained.

Eigenvalues are numerical values corresponding to each principal component. This
eigenvalue corresponds to the variance of the principal components. It shows how much the
main component holds the information of the original data. For n x n matrix, as following Eq.

(2-4).
Ax”= Ax> L (2-4)

when there is a combination of "non-zero vector x " and "scalar A " that satisfies X ~ is called

the "eigenvector of A" and 1 is called the "eigenvalue of A".

2.4.2 Correlation Coefficient

Correlation coefficients are used to measure how strong a relationship is between two
variables. There are several types of correlation coefficient, but the most popular is Pearson’s.

Pearson’s correlation (also called Pearson’s R) is a correlation coefficient commonly used in
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linear regression. If you're starting out in statistics, you'll probably learn about Pearson’s R
first. In fact, when anyone refers to the correlation coefficient, they are usually talking about

Pearson’s.

About n data (x5, y1), (x5 y2), (x5 y3), -, (x, ya). The value obtained by dividing the
"covariance of x and y" by the "product of the standard deviation of x and the standard
deviation of . It is called the correlation coefficient between xand y. Eq. (2-5) expresses the

correlation coefficient (-1 < r < + 1) and the variable names.

1 _ _
__ Covariance _  Syxy ;Z?:l(xi—x)(yl'—w

SD.xSDw _ sexsy |1 _ 1 _
RXSDy Sy Len im0t (RS (-9

where, r refers to correlation coefficient of xand y, S,, refers covariance of xand y, S,refers
to the standard deviation of x, S, refers to the standard deviation of y, while nis the total

number of data, (x; y;) refers to 7% data value, ¥ is an average of x, and y is an average of y.

The purpose of calculating the correlation coefficient is to investigate how much the physical
quantity that can be calculated by machining conditions and machining simulation correlates
with the machining error, and the causal relationship between the machining error and other

conditions is investigated. It should be noted that it is not a proof. [60]

2.4.3 Multiple Regression Analysis

Multiple regression analysis is a method of predicting the value of one objective variable by
linearly combining two or more explanatory variables. However, it is assumed that the
objective variable has error fluctuations and that the explanatory variables have no error

fluctuations. [60]

Given p explanatory variables be x;, x5, x3, ***, x,, and consider a matrix in which each measured

value is arranged in each column as shown in Eq. (2-6).

x11x12 LY xlp
X21X22 X2p

X = L . P (2-6)
Xn1Xn2 7 Xnp
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where; 0 and the observed variables be &;, &,, 83, ..., Sp- The regression line in the same as
the simple regression analysis at this time is a hyperplane on the p dimension in the multiple

regression analysis. (as shown in Eq. (2-7))
6 = bo + b1x1 + bzxz + -+ bpxp ...... (2'7)

where; § is an objective variable, x;, x5, ...., x, are the explanatory variables, byis a constant

(intercept), and by, b, ...., b, are the regression coefficients.

The purpose of performing multiple regression analysis in this study is to formulate a model
formula that compares the error rates of the calculated error and the measured error obtained
from the calculation under the evaluation machining conditions with those of the conventional

study.

37



3. Framework for Machining Error

Modelling

This chapter introduces the compositional modelling for the machining error prediction
model. A mapping function of the complex machining phenomena led to the concept of
modelling frameworks. Firstly, a framework for machining error modelling will be proposed.
Then the second framework, an evaluation of the machining error model framework, will be
investigated as a fundamental evaluation of the machining error model to confirm a good

agreement of the measured machining error.

Machining Conditions
¢+ Feedrate
*+ RPM
+  Width of cut
¢+ Depth of cut
+ Rake angle
* Release angle
* Tool material
+  Workpiece type shape
+ Etc.

Generalized
Mapping Function

Complex Machining
Phenomena
* Machining error
* Surface roughness
* Efc.

Y

(direct relation between
large number of input
and target)

(a) Direct modelling approach
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Calculated Single

Feed rate Physical Phenomena
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Rake angle + Thermal expansion 4 (du‘.ecT relation between «  Surface roughness
Release angle « Etc. limited number of +  Etc. N
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(b) Proposed compositional modelling approach

Fig. 3-1 A mapping function of compositional modelling

In order to adapt to the diversity of the machining process, this research considers state values

to represent machining cases. As illustrated in Fig. 3-1(a), conventional empirical models
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utilize generalized functions which indicate direct relations between machining conditions

and machining phenomena. [55]

From the mapping functions, many complex functions which contain a large number of model
parameters are utilized. When the focused aspect is determined, a physics-based model can
represent the machining process accurately with a minimum number of model parameters. It
expects to represent the machining process with a small number of model parameters by

composing these single aspect process descriptions, as shown in Fig. 3-1(b).

The systematic model construction procedure is defined as follows.
1. Collecting candidates of model variables include machining condition and physical
state values considering available process simulation.
2. Designing a preliminary experiment by known characteristics of material and cutting
tool within the capability of experiment load.
Evaluating candidates of model variables based on the preliminary experiment.
Formulating a process model using selected model variables

Identifying the process model based on the preliminary experiment.

AN AN

Utilize the identified model to predict machining situations at different machining

situations from preliminary experiments.

3.1 A Framework of Machining Error Modelling

The frameworks involving the error prediction of complex physical phenomena for the
manufacturing process have been previously proposed [61]. The compositional machining
simulation and accuracy assured machining for a closed loop machining operation were

introduced.

Based on the defined procedures, we propose a modelling framework to predict the machining
error of elastomer end-milling. The frameworks involving the error prediction of complex
physical phenomena for the manufacturing process are based on the previously proposed
modelling concept [15]. The framework consists of two phases included the identification
phase and the estimation phase. At the identification phase, limited cases of preliminary
experiments are utilized to identify the process model. The identified model is used to predict
actual machining situations that are different from the preliminary experiments. For

designing preliminary experiments, it is assumed certain knowledge of the characteristics of
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workpiece material and the cutting tool such as; the cutting force tendency, workpiece

material characteristics, physical state values, and error generation mechanism. When the new

material and/or cutting tool will be employed, some basic trials are necessary to grasp the

characteristics. A schematic expression of the framework for identifying and utilizing the

machining error model is illustrated in Fig. 3-2. The variations of workpiece materials and

cutting tools are smaller than variations of machining conditions and workpiece shapes.

Therefore, the framework is organized to achieve the versatility of various machining

conditions and workpiece shapes.

Preliminary experiments
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In order to compensate for influences of machining case variations, state values that included
cutting force, workpiece deformation, and machining conditions are used for constructing the
error model. Because the influence of workpiece materials and cutting tools are not considered
in this framework, the parameter identification process is required when a new cutting tool

and/or a workpiece material are employed for the machining process.

In the identification phase as demonstrated in Fig. 3-2(a), the simplified preliminary
experiments with the specialized machining equipment [25] are executed. It can measure
instantaneous cutting force and workpiece displacement simultaneously at the different
machining conditions. Furthermore, a simplified workpiece enables the evaluation of the
machining error easily. The fundamental studies on machining have applied both a
computational finite element methodology (FEM) and the experimental approach. For an

initial effort of cutting force simulation, a standard discrete cutting force model has been used.

The conventional cutting force model assumes which total cutting force can be approximated
as the sum of local cutting forces [62]. The coefficients for the end-mill are determined based
on the average force-based determination method for cutting coefficients [63]. In order to
investigate an error generation mechanism, the measurements of instantaneous workpiece
deformation have been conducted. A quasi-two-dimensional cutting situation with the
uniform fixture effect is constructed for machining. An image processing is employed to
observe the actual displacements by using a pre-calculated calibration scale and origin [25].
From the observation, the obtained displacements can be used to estimate the mechanical

property for FEM analysis to simulate workpiece deformation [54].

Based on the previous research, the physical state values such as cutting force and workpiece
deformation can be calculated in principle. By using the data obtained from preliminary
experiments, the model parameters for deformation analysis and cutting force prediction can
be determined. Physical state values at every machining situation can be calculated using the
identified process models. Machining conditions, physical state values, and their combined

variables are candidates of model variables of machining error.

By utilizing the preliminary experiments, candidates of variables are evaluated and selected.
An empirical model of machining error is constructed based on the selected variables. In the
estimation phase as shown in Fig. 3-2(b), the machining error of the actual machining
situations will be reasonably calculated based upon the selected model variables and the

identified machining error model.
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3.2 Evaluation of Machining Error Model

In order to appraise the proposed framework, the cutting force model and the workpiece
deformation model also must be estimated in principle. However, an evaluation of a combined
model becomes complex, and it is difficult to find the problem when estimation is not
moderately appropriate. Hence, an independent evaluating of the machining error model is

investigated as a fundamental evaluation of the machining error model.

In case if the machining error calculated by the error model offers a good agreement of the
measured machining error, the evaluating of the framework is equivalent to the evaluation of
the cutting force model and workpiece deformation model that has been partially reported
[25, 62]. Based on the independent evaluating of the machining error model, preliminary
experimental data for the workpiece deformation and cutting force corresponding to the
machining cases that are different from the parameter identification case are employed to
calculate the machining error. Figure 3-3 illustrates an outline of the evaluation procedure for
the error model. The candidates of model variables are selected through the principle
component analysis (PCA), and a machining error model is constructed as a linear model of

the selected variables.

The constructed error model coefficients are identified initially by the measured parameters
included the cutting force, the workpiece deformation, the machining conditions, and
machining error. The responses of cutting force and workpiece deformation in the
constructed model correspond to the evaluation cases are substituted by the measured cutting
force and the measured workpiece deformation. By comparing the estimated machining error

and the measurement machining error, this error modelling is evaluated reasonably.
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Preliminary experiments
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4. Compositional Machining Error

Prediction Models

This chapter proposes the diverse machining error modelling based on elastomer end-milling.
These machining error prediction models consist of the conventional cutting condition,
mechanistic, and statistics model. The concepts of modelling, experimental setup, preliminary

experiment, model construction, and their formula will be described, respectively.

The modelling of machining operations has been evolving as an essential engineering tool to
simulate operation physics ahead of costly production trials of parts used in industry [22]. In
order to achieve the appropriate machining, a model-based approach is widely desired to
become an alternative to a conventional trial and error approaches concept. Regarding these
reasons, the prediction models are continuously developed and evaluated by comparing
predicted machining error with experimental results. Previously, a framework of the
compositional machining simulation has been proposed for model-based precision machining
[14-16, 55]. Since the standard metal machining processes are planned by assuming rigid
workpiece and ideal chip removal, it is difficult to apply for elastomer end-milling because of
low rigidity and different fracture mechanism. There have been many researches to predict
the machining process, such as the analysis of workpiece deformation, chip separation, cutting
force, including the soft materials [17-20, 25, 37-39, 51, 62-65]. Previously, the mechanistic
approach model has been proposed for predicting machining error in elastomer end-milling
[21]. However, the proposed mechanistic approach requires the heuristic introduction of an
empirical model. By utilizing the statistics, the sensational data have been considered to
construct the machining error model. The machining error in the end-milling process has
involved machining conditions, workpiece shape, and material removal characteristics.
During the actual machining situation, workpiece shape and machining conditions such as
depth of cut and width of cut are varied according to the machining process [21-25, 62].
Furthermore, tool rotation speed and feed rate are sometimes adjusted to find the appropriate

conditions when the new cutting tool, workpiece material, and/or different workpiece shape
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has to be applied. Regarding the workpiece deformation, the elastic analyses and
measurement in the elastomer end-milling have been investigated by a similar method for
metal end-milling [37-39]. However, there have been a limited number of studies on the
elastomer shape transferring error because the elastomer chip separation mechanism is
entirely different from the metal mechanism [20, 26]. In the conventional metal end-milling,
cutting force during the end-milling is one of the dominant factors to machining error. The
cutting force causes the workpiece deformation, thermal formation, machine tool deflection,
and tool wear. On the other hand, most elastomers have low rigidity then the relationship
between cutting force and machining error is considered fundamental characteristics. The
chip formation mechanisms of elastomers are moderately different from those of metal
milling. Furthermore, the deformation of the workpiece dominantly affects the machining
accuracy. These facts indicate that the problem to be tackled for the end-milling of soft objects
or elastomers is to control the appropriate surface generation of the machined workpiece that
can overcome by designing an optimized cutting tool shape and/or determining proper
machining conditions. Because of the large variety of elastomer objects, it is necessary to
develop a systematic method to aggregate empirical cases to generate a mechanistic model of
the surface generation process. There is few knowledge of what factors are dominant to the
error and needed more knowledge in further. Therefore, a preliminary evaluation of the
important factors is necessary [15]. Shih et al. [27] have reported that the extraordinary
mechanical properties of elastomer: considerably enduring elongation and low thermal
conductivity are capable of affect chip formation during machining significantly. In other
words, tool wear is not a dominant factor for elastomer end-milling. Meanwhile, the
accumulations of cutting heat and the influence of thermal effects are not a dominant factor
of the error tendency have been reported [25]. Therefore, it is promising to improve the
machining accuracy by considering mechanistic surface generation model with the dominant
factors such as cutting force, workpiece deformation, and machining conditions for elastomer
end-milling. The analysis target uses the data obtained in the experiments from previous
research [21], and the machining experiments are carried out under several conditions. In
addition, in this study, the 18 variables described below are the targets of the analysis items.
Specifically, for machining error (M.E.), 3 workpiece conditions (width, height, length), 4
machining conditions (rpm, feed rate, width of cutting (WoC), depth of cutting (DoC)), and
10 physical quantities during machining (x, 1/x, f,, 1/f, f/x, vy, 1/y, f,, 1/, f,/y) are
associated. To construct the prediction models, a systematic procedure for creating the
preliminary experiment which conducted the appropriate machining factors for parameters

estimation is proposed.
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4.1 Experimental Setup and Configurations
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Fig. 4-1 Instruments setup schematic

Figure 4-1 represents a schematic diagram of the experimental setup and configurations in

which the instruments are detailed in Chapter 2.

Concerning the experimental configuration, the workpiece was stuck by double-side tape on
a metallic base which was seized together with the dynamometer. In the experiments, there
are no effects on the thickness of double-stick tape which were evaluated and confirmed based
on their stability and uniformity. The workpiece has been operated by the down-cutting
method while a mirror is applied to observe the cutting behavior as a side view reflection
during the machining process. Meanwhile, the workpiece deformation is monitored by the
recorded moving images under the image processing method using a synchronized
transmitting trigger signal from a function generator and a high-speed camera. In actual
machining, the machining configuration is shown in Fig. 4-1, and an actual experimental setup

is shown in Fig. 4-2.
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S e

—

Fig. 4-2 Actual experimental setup

4.2 Preliminary Experiment

Initially, a preliminary experiment is conducted to obtain the data for model identification. In
order to identify the machining error model, machining experiments of elastomer end-milling
with various machining conditions are designed to obtain the cutting forces, the workpiece
deformation, and the machining error. All machining cases, and machining directions are
down cut. The concept of the preliminary experiment creation is mentioned in topic 2.3.1 and

the systematic procedures are appeared.

Table 4-1 Machining conditions for preliminary experiment

Conditions 1 2 3 4 5 6

Machining direction Down cut

Width of cut (W) [mm] 1.0 0.5 0.7 1.0
Depth of cut (D) [mm] 5.0 10.0
Rotational speed (R) [rpm] 4000 2000 4000

Feed Rate (F) [mm/tooth] 0.0125 0.025

Workpiece width (A) [mm] 5.0 10.0

Workpiece height (H) [mm] 10.0 20.0

Workpiece length (L) [mm] 20.0
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For the machining industry, little preparation for the experiment is a desirable requirement
due to a necessity to avoid costly and time-consuming trials. Table 4-1 shows the machining
condition for the preliminary experiment in elastomer end-milling cases. This experiment is
the central part of a proposed framework for error modelling introduced in the previous
chapter. There are 6 preliminary experiments for the processing performed in three sections;
the early stage, middle stage, and final stage. Therefore, the total is 18 machining cases for
this preliminary experiment. For the results of the machining error of the preliminary
experiment, the comparison plot of regression proposed models will be shown in Fig. B-1 to
Fig. B-3, Appendix B.

4.3 Conventional Cutting Conditions Model

Due to using preliminary experiments obtained data, model parameters for deformation
analysis, cutting force prediction, and coefficients of the empirical models are determined.
From the machining error modelling framework, in the estimation phase, the machining error
of the actual machining situations will be calculated, based on the identified cutting force

model, workpiece deformation model, and machining error model.

In order to evaluate the proposed framework, the simplified evaluation cases are investigated
by using reported machining cases [21]. One is a direct modelling case, and the other is a
proposed compositional modelling case. For the direct conventional cutting conditions
modelling case, only the cutting conditions are introduced as an error model variable. Four
machining conditions are considered for model construction: width of cut (WoC), depth of
cutting (DoC), feed rate of cutting, and rotational speed of the spindle, then the machining

error can be formulated as follows;

S=aW+a,D+asR+a,F+as (4-1)

where W represent width of cut, D represent depth of cut, R represent rotational speed of
spindle, F represent feed rate of cutting and @ ;- - @5 are model coefficients, and J is

machining error.
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4.4 Mechanistic Model

The mechanistic modeling for machining error in elastomer end-milling has been introduced
by Wu, et.al [21]. The model which utilized machining knowledge for empirical model
formulation was employed. By introducing a mathematical model which reflect process
knowledge, stabile calculation with limited experimental data. As mentioned in topic 2.2.4,
thus, the deformation at cutting point can be presented by a function of a displacement of a
neighborhood point of cutting point. On the other hand, the shape transfer error is
complicated to model quantitatively because it is affected by a crack generation point, a
trajectory of crack propagation, and slippage between cutting tool and workpiece. From the
analysis of crack generation of elastomer, the indentation forces, an indentation depth, and a
local stiffness are important factors for the crack generation. Because the indentation depth
can be related to the local workpiece deformation, it is assumed that the shape transfer error

is affected by the workpiece deformation, cutting force and the local stiffness of workpiece.

The model applied machining knowledge for the empirical model formulation was employed.
By proposing the mathematical model which reflects process knowledge, the offered model is
applicable of skipping evaluating the complicated phenomena of elastomer [23-24, 54]. Based
upon the empirically extracted factors to explain machining error for elastomer end-milling
phenomena, a simplified error model that able to apply to statistical analysis was introduced
[21]. Regarding the empirical assumptions, the machining error can be formulated the

mechanistic model as follows;

8= Bix+Boy+BsfetBufy B EH BB (4-2)

where x and y represent the displacements of the neighborhood point, # and £, represent
cutting forces at a surface generation moment, and B, ... 8, are model coefficients, and & is
machining error. The cutting forces have normalized by an axial depth of cut. An approximate
local stiffness of the workpiece is the fifth and the six-term on the right side of Eq. 4-2. Because
the displacements and the cutting force can be predicted before machining when the

appropriate model parameters have been identified, the machining error can be predictable.
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4.5 Statistical Model

Regarding the mentioned model, the essential variables are obtained from the insight
observation of humans. This method can be achieved by human heuristics that cannot be
confirmed the applicability in advance. For this main reason, it is necessary to establish a more
systematic methodology to evaluate the candidates of the model variables. As the application
of the statistical technique to the variables’ evaluation, the principal component analysis
(PCA) statistical method, used in exploratory data analysis and for making predictive models
[56-59], is employed for analyzing the error model that is related machining error and
variables such as machining conditions (depth of cut (DoC), width of cutting (WoC), feed
rate of cutting (F), and rotational speed of the spindle ) and physical state values (cutting
force and/or workpiece deformations). The correlation between both machining conditions
and physical state values to the machining error is considered from the statistical aspect that
can select the priority related variables for model formation. Based on this idea, the systematic

model construction procedure is defined as follows;

The purpose of the principal component analysis of this study is to confirm whether the data
are separated into clusters. Therefore, we do not reduce the principal components according
to the results and continue to pursue the analytical principal components. However, the idea
is that 70% to 80% of the total information should be covered. Because the number of
principal components is adopted, the contribution rates are increased from the top, and the

cumulative contribution rate reaches 70% to 80%.

According to acquired cutting force, workpiece deformation, and machining error, the
principal component analysis (PCA) is instructed to recognize the priority relations of
machining conditions and physics-based parameters that are important for constructing an
error model. PCA has become a dimensional reduction method to reduce the dimensionality
of large data sets by condensing a set of variables into a smaller one that preserves the amount
of data from the large. Obviously, reducing the number of variables in a data set decreases
accuracy, but the method in dimensional reduction is to trade a little accuracy for simplicity.
In this study, the following 18 components that can be utilize in actual experiment are
evaluated. There are multiple numerical values, and determining which parameters have a

significant influence; [55, 66]

1. Machining error (M.E.)
2. Workpiece conditions; width (A), height (H), and length (L)
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3. Machining conditions; rotational speed (R), feed rate (F), width of cutting (W),
and depth of cutting (D)
4. Physical state values; displacement terms of neighborhood point; (x), (1/x), (y),

(1/y) and cutting force terms at a surface generation moment; (f,), (1/f,), (f/x),

(fy), (1/£), (£/y)

Since some of the 18 variables have different units, the standardization of experimental data
is performed to establish a certain standard that allows the numerical values between each
condition to be used in common. Initially, standardization is employed as the first step of the
PCA procedures. Then covariance matrix, eigenvectors, and eigenvalues are computed. The
aim is to utilize the feature vector formed using the eigenvectors of the covariance matrix, to
reorient the data from the original axes to the ones represented by the principal components
(PC). The total contribution rate of each PC is equal to 1 then the data percentage can be
rearranged. By ranking eigenvectors in order of eigenvalues, in descending order highest to

lowest, the principal components in order of significance are obtained.

Regarding PCA is employed for constructing this model, so the general-purpose Python
programing language is utilized for executing the parameter components analysis.
Furthermore, since characters other than alphanumeric characters written in the table are not
displayed, all characters are rewritten to alphanumeric characters. Since performing an

analysis method, the lengths are all the same and not included in the analysis.

However, the Python programing language needed to perform statistical analysis for coding

on the scientific computing assist platform, which is used in this research as follows;

« Python version 3.8 (32-bit)
o Visual Studio Code

« Anaconda Prompt (Anaconda version 3)

Visual Studio Code and Anaconda Prompt (Anaconda 3) Coordinate and activate. Then call
Python in the terminal. The program is always executed while interacting with Python. The
coding of the PCA model generated will be proposed in Appendix C, and the machining error
as CSV data analyzed will be introduced in Appendix A. Principal component analysis by
Python is shown in Fig. 4-3.
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48  # PcA MEHIE

49 pd.DataFrame(pca.explained_variance_, index=["PC{}".format(x + 1) for x in range(len(dfs.columns))])
50

51  # PCA OEHAY L

52 pd.DataFrame(pca.components_, columns=df.columns[1:], index=["PC{}".format(x + 1) for x in range(len(dfs.columns))])
53

54 # BWITHAEFERFICETIRAEHOFEEETOY T D

55 plt.figure(figsize=(8,8))

56 for x, y, name in zip(pca.components_[8], pca.components_[1], df.columns[1:]):

57 plt.text(x,y,name,fontsize=15)

58

59 plt.scatter(pca.components_[@], pca.components_[1], alpha=0.8)

60 plt.grid()

61 plt.xlabel("PC1l",fontsize=18)

62 plt.ylabel("PC2",fontsize=18)

63 plt.show()

Fig. 4-3 Example of program coding for PCA approach

>»> # THOIREL

w.. dfs = df.iloc[:, 1:].apply(lambda x: (x-x.mean()})/x.std(), axis=8)

>>> dfs.head(81)

width height position m.e rpm X /% ... 17y fy 1/fy fy/y feedrate WoC DoC

@ 9.414447 -0.697411 -1.217161 -8.374044 -2.084629 0.186792 -0.430965 1.154124 1.198780 -0.923629 3.806746 1.115749 -1.584878 0.414447
1 ©.414447 -8.697411 ©.000000 -1.839619 -2.084629 -0.353182 -0.238102 ... ©.716088 -0.139330 -0.260907 1.247352 1,115749 -1.584878 0.414447
2 9.414447 -8.697411 1.217161 -1.@65967 -2.884629 -0.387521 -0.259531 ... ©.643883 -0.026415 -6.334543 1.289880 1.115749 -1.584878 0.414447
3 0.414447 -8.697411 -1.217161 ©.183898 -2.084629 -0.059945 -0.366677 ... -8.159982 -0.276594 -0.187271 -8.145752 -0.862010 @.554787 0.414447
4 ©.414447 -8.697411 ©.000000 -8.264818 -2.084629 -0.520745 -0.130956 -0.269491 ©.178338 -0.481814 -8.181936 -0.862010 ©.5547@7 0.414447
76 ©.414447 -8.697411 ©.000008 ©.574974 0.473779 -0.308568 -0.259531 ... -0.232988 0.281545 -0.555450 ©.808894 1.115749 -8.729844 0.414447
77 ©.414447 -8.697411 1.217161 @.551821 @.473779 -0.568710 -©.088@98 ... -08.3085994 0.864499 -0.776357 ©8.865597 1.115749 -8.729844 0.414447
78 ©.414447 -8.697411 -1.217161 1.169809 @.473779 -0.015750 -0.366677 ... -0.379000 1.525378 -0.997264 ©.872041 1.115749 @.5547@7 0.414447
79 ©.414447 -6.697411 ©.000002 1.844453 0.473779 -0.381667 -0.216673 ... -0.379000 1.624120 -0.997264 ©6.118435 1.115749 ©.5547@7 0.414447
80 ©.414447 -8.697411 1.217161 1.333486 0.473779 -0.798482 ©.233340 ... -0.415503 1.689066 -0.997264 ©.899104 1.115749 ©.554787 0.414447

[81 rows x 18 columns]

Fig. 4-4 Standardization of target data (factor_analysis.csv)

Figure 4-4 demonstrates the standardization of the numerical values of the target data
(factor_analysis.csv), and Figure 4-5 expresses the scores of each principal component with a

total of 81 data.

> # XM D ORI
... pca = PCA()
»>»> feature = pca.fit(dfs)
33>
o> # TR EERALERIZER
... feature = pca.transform(dfs)
23>
> # FRSHBR
. pd.DataFrame(feature, columns=["PC{}".format(x + 1) for x in range(len{dfs.columns))]).head(81})

PC1 PC2 PC3 pca PC5 PC PC7 ... PC12 PC13 PCl4 PC15 PCle PC17 PC18
@ -0.076682 3,821374 -1.877936 3.,217428 -0.438630 1.284698 @.876404 ... -8.534775 -0.412998 @.557451 -8,292723 -0,329946 0.136108 0.477384
1 9.335291 2.671278@ -@8.518429 2.8871@5 -0.634851 ©.129483 -@.291948 ... -8.364710 0.875401 ©.251496 -8.829747 0.246125 -0.877134 -0.157361
2 8.182857 3.005647 @.114956 3.181140 -0.776578 -8.386757 @.397@03 ... -0.8409594 917572 ©.724581 -0.876256 ©.197672 0.054501 -0.181547
3 -8.447008 ©.215946 -0.749933 0.965676 -1.110211 -8.601418 -1.962485

a.
. -0.183628 0.104286 -0.816966 ©.134482 @.289359 -0.107588 0.857233
.@57006 ©.051480 -0.318381 -0.041913 0.032597 0.877038 -0.030416
.2083830 -0.862728 -8.278553 -@.128418 @.837799 -0.036612 -0.846278
.415775 -0.018930 -0.147804 ©.0375@9 -0.125138 0.145306 0.050251

4 -9.941454 1.864266 ©.599262 1.581579 -1.502019 -1.055765 -1.294897 .
76 -8.864664 9.594825 -8.454255 -@.8208225 1.766426 -9.866318 -8.883595
77 -8.189812 1.020519 @.312218 -8.157939 2.147948 -08.646013 @.522285
78 -1.297155 ©@.169952 -0.781554 -0.486380 2.160670 @.264863 -8.735825 . -8.233761 -0.270139 -0.148787 ©.885649 -0.037962 0.000644 -0.138023
79 -1.194135 ©.549806 ©.002572 -08.354029 2.185171 -6.30813826 -0.071119 . -8.845434 -9.154779 -©.123892 0.206299 -0.030605 0.034316 -0.007292
80 -1.126798 ©,837600 1.8378@8 -8.374652 2.387166 -8.637488 @.467457 ... @,199346 -0,224934 -8,241442 0,230480 -0.074434 0.006933 ©.118972

®

®®

[81 rows x 18 columns]

Fig. 4-5 Calculation of principal component score
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Figure 4-6 plots the principal component scores of the first and second principal components.
In the plots of PC1 and PC2, the points are not locally concentrated, and there are
variations. Figure 4-7 shows the plotting of the principal component scores from PC1 to

PC18. In the plotting of the principal components, there are almost widely scattered.
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Fig. 4-7 All principal component score plot
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PC1 was 0.318 (about 32%) and PC2 was 0.182 (about 18%). The total up to PC7 is 0.901

(about 90%). After PC10, the ratio of each main component is 1% or less, and the total of

PC10 to PC18 is 0.041, which is about 4%. Figure 4-8 summarizes each contribution rate in

a pie chart.

>>> pd.DataFrame(pca

PC1
PC2
PC3
PC4
PCS
PC6
PC7
PC8
PC9
PCl10
PC11
PC12
PC13
PCl4
PC15
PC16
PC17
PC18

[\ IR I I I VI S B B IV I B B I I R

9

.318607
.181910
.134224
.095759
.076147
.054395
.040187
.©32682
.025530
.009475
.007813
.006626
.005327
.004642
.0082355
.002229
.001331
.000761

mPCl mPC2 mPC3
mPCI0mPC11 mPC12 mPC13 mPC14

Fig. 4-8 Contribution rate from PCA

PC4 mPC5 mPC6 mPC7 mPC8 mPC9
PC15 w PC16 m PC17 m PC18

Figure 4-9 presents the contribution rate of each principal component when the total

contribution rate is 1, and the percentage of the data can be explained by one principal

component axis.
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Fig. 4-9 Cumulative contribution rate of main components
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Furthermore, Fig. 4-9is a line graph showing the sum of these contribution ratios in

descending order. The slope of the line segment connecting the contribution ratio is reduced

greatly after PC10.

>>> # PCA DEFHIE
... pd.DataFrame(pca.explained_variance_, index=["PC{}".format(x + 1) for x in range(len(dfs.columns))])

PC1
PC2
PC3
PCa
PC5
PC6
PC7
pPC8
PCS
PC11
PC12
PC13
PC14
PC15
PCl6
PC17
PC18

[*]
5.734922
3.274386
2.416041
1.723659
1.370642
0.979163
0.723373
©.588267
0.459539
0.140638
9.119267
0.095878
0.0883561
0.842391
0.040121
0.023964
0.013703

Fig. 4-10 The eigenvalues of main components

The eigenvalues in this study are shown in Fig. 4-10, and the eigenvectors are shown in Fig.

4-11.

>>> # PCA MEAAY FIL
... pd.DataFrame(pca.components_, columns=df.columns[1:], index=["PC{}".format(x + 1) for

width height

PC1 -8.146341 -0.236239
PC2  ©.434921 -0.038884
PC3 -8.145383 -0.828685
PC4 -8.269252 -0.4081776
PC5 -2.018410 -0.356616
PC6 -8.076084 ©.185890
PC7 -8.173886 ©.435699
PC8 -2.107734 -06.189159
PCS  ©.075261 -0.066730
PC18 ©.847598 -6.386643
PC11 -2.228243 0.104484
PC12 @.317534 -8.471867
PC13 -8.355357 -0.222885
PC14 -8.852810 -©.148576
PC15 @.106397 -8.839685
PCl6 ©.508909 0.865483
PC17 -8.163763 -0.888875
PC18 @.246635 -8.854653

position
0.042092
9.146668
8.414252
0.002338
9.069282
-0.441609
9.533432
-0.246555
-0.326820
9.132518
9.123278
0.268361
@.101204
9.141820
0.083885
0.e7e064
9.085558
8.855713

m.e
-0.332076
-2.196286
8.809878
©.859289
@.230207
@.226479
8.876616
@0.872276
-8.228282
8.448261
@.3083516
8.18@8547
-0.426897
-2.384380
-8.153815
-0.081971
2.2903683
-8.834062

rpm
@.17e018
-0,159852
8.821884
-8.469539
0.236326
8.151724
9.376871
0.e75732
8.556366
8.235564
-0.176293
8.178899
-8.034813
©.185438
-8.117783
-8.139946
9.011651
-8.826194

X 1/x%
-0.271115 ©@.136754
-9.157896 @.131348
-98.318864 @.501857
-0.133595 -@.170405
-0.181954 -0.030515
©.319007 @.356281
-9.815113 -8.195178
-0.1113802 -0.017322
-0.159333 -@.131551
-8.843575 -08.854458

0.306166 0.108358
©.377641 8.878175
©0.180040 -0.011686
©.513119 9.083256
©.224385 8.163368
©9.852156 -@.276295
©.118846 -8.602859
-9.693611 @.972289

1/y
9.279311
©.239678

-6.194856
9.899745
-6.137827
9.290137
6.300999
0.199847
-8.251079
8.185187
-6.308549
6.874768
9.115310
-8.194693
0.187022
9.134793
-8.108145
-6.523402

x in range(len(dfs.columns))])

fy
-0.369869
9.248035
9.883654
-0.826579
8.255718@
-9.8708982
9.862597
9.4085659
9.020030
-9.231348
-8.999111
-9.870449
-9.247524
9.990943
@.53096@
-9.317722
9.260622
-9.882546

1/fy
0.289872
-8.325253
-8.027743
0.147773
-0.138079
@8.156848
8.0848193
-0.246067
-@.855593
8.272745
-0.199179
-8.192342
-0.247020
9.936452
8.529748
0.801353
9.148910
8.402173

fyly
8.183969
8.373367
-8.176818
8.153566
-8.070220
8.234587
8.275016
8.404094
-8.088592
8.815859
8.231671
-8.891549
-8.005603
8.175449
-8.258935
-8.03@353
8.,855557
8.548631

feedrate WoC
-©.182118 -0.235868
©.879393 -0.274786
-8.815972 0.215728
0.267963 -0.107887
©.616264 -0.183815
©.253688 -0.188248
©.146828 -0.849625
-0.246844 0.550451
©.893749 -0.620942
-6.816141 0.347544
©.837300 -0.015434
-9.348982 -0.235548
©0.144933 0.168196
©.185631 0.180960
©.875374 0.996520
©.349518 0.388665
-9.21305@ -0.192467
-9.833875 0.026080

Fig. 4-11 Eigenvectors for each principal component condition
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. plt.figure(figsize=(8,8))
<Figure size 1600x1600 with © Axes>
>>> for x, y, name in zip(pca.components_[@], pca.components_[1], df.columns[1:]):
plt.text(x,y,name)

Text(-0.14634142547418832, ©.4349214395164109, 'width')
Text(-0.23623942702332143, -0.030883791244498932, ‘'height')
Text(0.04209155344302808, 0.14666785131741666, 'position')
Text(-0.3320761330488562, -0.19628593779916934, 'm.e')
Text(0.1700182139895515, -0.1598522576523324, ‘rpm')
Text(-0.27111509693070707, -0.1570962480171663, 'x')
Text(0.136754345791658, ©.13134845081427676, '1/x')
Text(-0.2569760466183433, 0.12505184431654787, 'fx')
Text(0.30512952435889057, -0.09224884657442238, '1/fx"')
Text(0.014174016179340793, 0.16753310138970945, 'fx/x')
Text(-0.3642830207035207, -0.13109815001121689, 'y')
Text(0.2793112497794358, ©.23967771354934414, '1/y"')
Text(-0.3098694104684405, 0.2480349612654255, 'fy')
Text(0.2898723138174459, -0.32525310297415616, '1/fy')
Text(0.18396879408372024, 0.3733665639167007, 'fy/y')
Text(-0.18211763435443606, 0.07939298993443168, 'feedrate')
Text(-0.23586844691486036, -0.27478649120262966, 'WoC')
Text(-0.12987966719120156, ©.40864881312209644, 'DoC')

>>> plt.scatter(pca.components_[@], pca.components_[1], alpha=0.8)
<matplotlib.collections.PathCollection object at ©x1BSEFB30>
>>> plt.grid()

>>> plt.xlabel("PC1")

Text(0.5, @, 'PC1')

>>> plt.ylabel("PC2")

Text(e, 0.5, 'PC2')

>>> plt.show()l

Fig. 4-12 Coordinated eigenvectors of variables related to PC1 and PC2

In Fig. 4-12, the values of the eigenvectors of each condition related to PC1 and PC2 are

identified at the coordinate points.
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Fig. 4-13 Principal Component observed variable contribution
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Figure 4-13 shows the plot of principal component scores by comparing the first and second
PC (PC1 versus PC2). From PCA plotting, there are variations from every component in
which the scores are not concentrated in one area, locally. Machining error is the target
objective which principal component scores and eigenvector can determine the influence
related variables are displacement y, x, the width of cut: W, and feed rate; F. Width, height,
and length (AxHxL) are workpiece conditions that should be avoided considering to apply the
error model to various workpiece shape. Based on the PCA approach, the influential variables
are selected then the machining error model called the statistical model can be formulated the

hybrid machining conditions and physic-based model as follows;

S=vix+vy+vsW+v,F+ys .. (4-3)

where x and y represent displacements of the neighborhood point, Wrepresent width of cut,

Frepresent feed-rate of cutting and y; ...ys are model coefficients, and § is machining error.

Furthermore, the correlation coefficients and the multiple regression analysis are applied to
determine the coefficients and linear regression results of Eq. (4-1) to Eq. (4-3) for

comparison, respectively.

4.6 Machining Error Calculation

For analyzing the data obtained from the experiments, two statistical methods are used in this

study as the data analyzer consisted of;

e Correlation coefficient

e Multiple regression analysis

The correlation coefficient method is used as a data analyzer for all 18 machined data obtained
from preliminary experiments. The purpose of using is to determine the model's coefficients
which affected their factors as shown in the prediction model equations. In order to identify
the comparison of the proposed prediction models as the linear regression results, the data of

the evaluation experiments will be performed using the multiple regression analysis. The
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calculated error and the measurement error will be performed by correlation plotting to obtain

a linear approximate straight line.

4.6.1 Model Coefficient Calculation

This analysis stage deals with the preliminary experiment in which there are six conditions for
the processing performed in three sections; the early stage, middle stage, and final stage.
Therefore, the total is 18 machining cases for this preliminary experiment. By using the
correlation coefficient analysis, the data obtained from the preliminary experiments are
computed by the data analyzer software. The results of the calculated coefficients are shown
in Table 4-2. These coefficients will be substituted in the model equation for predicting the

calculation of machining error in the next step.

Table 4-2 Machining error prediction model’s variable coefficients

Conventional model Mechanistic model Statistical model

Variable Coefficient (a) Variable Coefficient (8) Variable Coefficient (y)

w 115.828 b'e 0.512 x 0.368
D 1.256 ¥y 0.137 v 0.262
R 0.00389 f 2.019 w 87.697
F 7714.154 4 0.823 F 4195.756
Interception® -104.715 t/x -25.134  Interception* -32.807
£y -13.679
Interception® 73.808

* The intercept value is a constant at the final term of the equation

4.6.2 Multiple Regression Calculation

The purpose of using the multiple regression analysis is to identify the comparison of the
proposed prediction models as the linear regression results. From the machining conditions, there
are 21 evaluation experiments for the processing performed in three sections; the early stage, middle
stage, and final stage. Therefore, the total is 63 machining cases for this evaluation experiment. After
calculating the machining error from model equations by variables substitution, the data of the
evaluation experiments are calculated using this analysis by the data analyzer software. The calculated
machining error and the measurement machining error are computed to identify a plot of linear
regression correlation. These correlation plots of the proposed models will be illustrated in the next

chapter. From the assumption of the model formula and specify the data to be used for executing the
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Chapter 4: Compositional Machining Error Prediction Models

regression analysis. The multiple regression analysis results of the conventional cutting conditions,

the mechanistic, and the statistical model are shown in Table 4-3 to Table 4-5. The normal probability

plot of the proposed models is shown in Fig. 4-14 to Fig. 4-16.

Table 4-3 Multiple regression analysis of the conventional model

Regression Statistics

Multiple R 0.710879
R Square 0.505349
Adjusted R Square 0.49724
Standard Error 33.12819
Observations 63
ANOVA
df SS MS F Significance F
Regression 1 68394.02 68394.02 62.31934 6.69E-11
Residual 61 66946.08 1097.477
Total 62 135340.1
Standard Lower Upper Lower Upper
Coefficients t Stat P-value
Error 95% 95% 95.0% 95.0%
Intercept 63.69801 13.4136 4.748762 1.28E-05 36.87585 90.52016 36.87585 90.52016
M.E. 0.562219 0.071219 7.89426 6.69E-11 0.419808 0.704629 0.419808 0.704629
Normal Probability Plot
250 -
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. 000000
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= 080000
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Fig. 4-14 Normal probability of the conventional model
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Table 4-4 Multiple regression analysis of the mechanistic model

Regression Statistics

Multiple R 0.61851
R Square 0.382555
Adjusted R Square 0.372433
Standard Error 40.89061
Observations 63
ANOVA
df SS MS F Significance F

Regression 1 63193.59 63193.59 37.79426 6.59E-08
Residual 61 101994.6 1672.042
Total 62 165188.1

Standard Lower Upper Lower Upper

Coefficients t Stat P-value

Error 95% 95% 95.0% 95.0%

Intercept 69.53454 16.55661 4.199806 8.84E-05 36.42755 102.6415 36.42755 102.6415

M.E. 0.540422

0.087906 6.147704 6.59E-08 0.364642 0.716201

0.364642 0.716201

Machining Error

Fig.

Normal Probability Plot

0 20 40 60 80

Sample Percentile

4-15 Normal probability of the mechanistic model

100
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Table 4-5 Multiple regression analysis of the statistical model

Regression Statistics

Multiple R 0.894271
R Square 0.79972
Adjusted R Square 0.796437
Standard Error 18.95126
Observations 63
ANOVA
df SS MS F Significance F
Regression 1 87479.8  87479.8 243.5744 5.68E-23
Residual 61 21908.17 359.1503
Total 62 109388
Standard Lower Upper Lower Upper
Coefficients t Stat P-value
Error 95% 95% 95.0% 95.0%
Intercept 49.23481 7.673366 6.416325 2.31E-08 33.89097 64.57865 33.89097 64.57865
M.E. 0.635843 0.040741 15.60687 5.68E-23 0.554376 0.71731 0.554376 0.71731
Normal Probability Plot
300 -
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S 200 A M
&3 U
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Fig. 4-16 Normal probability of the statistical model
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5. Evaluation Experiment and

Results Discussion

This chapter expressed the evaluation experimental to evaluate machining errors based on
elastomer end-milling. The evaluation experiment consisting of diverse machining conditions
and various workpiece dimensions will be proposed. Finally, the results of machining error

will be discussed and compared.

5.1 Evaluation Experiment

Regarding the preliminary experiment which is used for identifying the machining error
model in the framework for machining error modelling, Afterward, the machining conditions

which different from the preliminary experiments are prepared as shown in Table 5-1.

To evaluate the proposed framework of machining error modelling, the cutting force model
and the workpiece deformation model must also be investigated in principle. However, an
evaluation of the combined model becomes complex, and it is difficult to find the problem
when the estimation is not appropriate. Hence, an independent evaluation of the machining
error model is investigated as a basic evaluation of the machining error model. If the
machining error calculated with the error model shows good agreement with the measured
machining error, thus the evaluation of the framework is equivalent to evaluating the cutting

force model and workpiece deformation model that has been partially reported [25, 64].

The number of machining conditions with three cases of each is designed for actual machining
situation experiments. Then the measured cutting force and workpiece deformation are used
to calculate to determine the machining error. There are 21 evaluation experiments for the
processing performed in three sections; the early stage, middle stage, and final stage.

Therefore, the total is 63 machining cases for this evaluation experiment.



Chapter 5: Evaluation Experiment and Results Discussion

Table 5-1 Machining conditions for evaluation experiment

# Width of cut | Depth of cut | Rotational speed Feed Rate Width x Height x Length
(W) (D) (R) (F) (AxHxL)
[mm] [mm] [rpm] [mm/tooth] [mm]
1 0.0125
0.3
2 4000
3 10.0 10x10x20
0.5 0.0250
4 2000
5 0.7
6 0.0094
7 5.0 0.0188 5x10x20
4000
8 0.0250
9 0.0094 10x15x20
10
10x10x20
11
2000 0.0125
12
13 10x15x20
1.0
14 0.0188
4000
15 10.0
10x10x20
16
0.0250
17 2000
10x15x20
18
19 0.0094
4000
20 0.0125 10x20x20
21 0.0188

5.2 Machining Error Prediction Results

To evaluate the machining operations, the measured cutting force and workpiece deformation
acquired from the evaluation experiments were used to calculate the machining error as the
estimated error. The estimated error can be compared with the measured machining errors.
The experimental data for workpiece deformation and cutting force corresponding to
machining cases which different from parameter identification case, are employed to calculate

machining error. The coefficients of the direct error model are identified based on machining
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conditions and measured machining error. The coefficients of the proposed error model are
identified by measured cutting forces, workpiece displacements, and machining error. A
coefficient correlation approach is employed to identify the coefficients. Then the multiple
regression analysis is conducted to execute the plot of a linear regression model for comparing
the calculated machining error from the model and the actual experimental results. The
identified error models are used to calculate the machining error for different machining
conditions. Figure 5-1, 5-2, and 5-3 show comparisons between measured machining error
and calculated machining error. The proposed models show good agreement to the measured

€rror.

5.2.1 Machining Error of Conventional Model

A simplified evaluation case is a direct modelling case. For the direct modelling case, only
cutting conditions are introduced as the error model variables. Four machining conditions:
depth of cut, width of cut, feed rate of cutting, and rotation speed of the spindle are considered
for model constructing. This machining error model formulation, Eq. 4-1. The measured

machining error results in comparison to this model are shown in Fig. 5-1.
350 -
300 A
250 A
200 A

150 4

100 4

Calculated Error [pm]

50 4

0 T T T T T T 1
0 50 100 150 200 250 300 350

Measured Error [um]

Fig. 5-1 Measured machining error comparison of the conventional model
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From Fig. 5-1, the linear regression model for comparing the machining error results between
the model calculation and actual machining results has been shown. It can be found that the

different error of estimated and actual machining is 19.20%

5.2.2 Machining Error of Mechanistic Model

The mechanistic modeling for machining error in elastomer end-milling has been introduced
by Wu, et.al. [21]. The model utilized machining knowledge for empirical model formulation
was employed. By introducing a mathematical model which reflects process knowledge, and
stabile calculation with limited experimental data. The deformation at the cutting point can
be presented by a displacement function of a neighborhood of the cutting point. On the other
hand, the shape transfer error is complicated to model quantitatively because it is affected by
a crack generation point, a trajectory of crack propagation, and slippage between the cutting
tool and workpiece. From the analysis of the crack generation of elastomer, the indentation
forces, an indentation depth, and a local stiffness are important factors for the crack
generation. Because the indentation depth can be related to the local workpiece deformation,
it is assumed that the shape transfer error is affected by the workpiece deformation, cutting
force, and the local stiffness of the workpiece. Based on the extracted factors to explain the
machining error for elastomer end-milling a simplified error model can be applied. A

comparison of machining error results by mechanistic model (Eq. 4-2) is shown in Fig. 5-2.
350 -
300 A
250 4
200 A
150 ~

100 4

Calculated Error [pm]

50 4

0 T T e T T T T 1
0 50 100 150 200 250 300 350

Measured Error [um]

Fig. 5-2 Measured machining error comparison of the mechanistic model
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From Fig. 5-2, the linear regression model for comparing the machining error results between
the model calculation and actual machining results has been shown. It can be found that the

different error of estimated and actual machining is 24.18%

5.2.3 Machining Error of Statistical Model

In this model, the essential variables are obtained from the insight observation of humans.
This method can be achieved by human heuristics that cannot be confirmed the applicability
in advance. For this main reason, it is necessary to establish a more systematic methodology
to evaluate the candidates of the model variables. As the application of the statistical technique
to the variables’ evaluation, the principal component analysis (PCA) statistical method, used
in exploratory data analysis and for making predictive models [56], is employed for analyzing
the error model related to machining error and variables such as machining conditions (depth
of cut, width of cut, feed rate of cutting, and rotational speed of the spindle) and physical state
values (cutting force and/or workpiece deformations). The correlation between both
machining conditions and physical state values to the machining error is considered from a
statistical aspect that can select the priority related variables for model formation. Based on

this idea, the statistic model can be constructed as Eq. 4-3, previous chapter.
350 -
300 A
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200 A
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100 4
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Fig. 5-3 Measured machining error comparison of the statistical model
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From Fig. 5-3, the linear regression model for comparing the machining error results between
the model calculation and actual machining results has been shown. It can be found that the

different error of estimated and actual machining is 14.79%

5.3 Results Discussion

A comparison of the calculated (estimated) error results and measured error results of the
mentioned evaluation experiments (21 conditions with 3 cases of each operation) are shown
in Table 5-2.

Table 5-2 Comparison of machining error

Experiment Proposed Model Conventional (@)  Mechanistic (8) Statistical (y)
Preliminary Difference of 11.39 12.38 7.84
Evaluation machining error (%) 19.20 24.18 14.79

From the obtained information of Table 5-2, presents a comparison of the machining error
results between the conventional cutting conditions model ( ), mechanistic model () and

the statistical model (y) in this research.

In the case of preliminary experiments which purposed to identify coefficient and construct
the models, the average differences between the measurement machining error and the
estimation machining error of the proposed error models were approximately 11.39%,
12.38%, and 7.84%, respectively. (see Fig. B-1 to Fig. B-3 in Appendix B)

Regarding the evaluation experiment, the average differences between the measurement
machining error and the estimation machining error of the proposed error models were
approximately 19.20%, 24.18%, and 14.79%, respectively. These results indicate that the
proposed machining error models can be reasonably predicted when physical state values are
appropriately predicted. Figure 5-1 and Figure 5-2 show the comparison of the machining
error results obtained from the proposed conventional and mechanistic models. The error
rates of both the maximum difference and distribution become large. Figure 5-3 shows good
agreement with the different machining error rate predictions than previous models, due to
the PCA-based variables selection has been considered by the significant variable component
relationship. These indicate that the proposed empirical models of machining error can
estimate reasonable prediction when cutting force simulation and analysis of workpiece

deformation predict the appropriate values.
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6. Conclusion and Further Aspect

This chapter is the final chapter of this dissertation which will express the conclusion of this

research. Afterward, the tendency of the research will be presented as a further aspect.

6.1 Conclusion

In this research, the conventional direct empirical modelling, mechanistic modelling, and
statistical modelling of machining error were investigated. Using a quasi-two-dimensional
cutting on an elastomer was a case study to predict the machining error. The results of the
proposed models can be expressed by comparing the calculated and the measured machining

€rror.

The proposed models were constructed by considering the variables of machining error from
the cutting force measured in the experiment, the workpiece deformation, and the machining
conditions. The correlation coefficient and multiple regression analysis were employed to
create the model. The proposed models' accuracy was evaluated to confirm the validity of the

results in the evaluation experiment.

In order to express the model results more clearly, the proposed models were compared. The
systematic procedures were introduced as the modeling framework to construct and identify
these error models. From the experimental evaluation, the feasibility of the proposed

framework has been confirmed.

In the case of a suitable approach, it is appropriate to construct an effective data-centric model
without only human insights. From these case studies of the machining error prediction, the

proposed procedure can instruct the construction of a suitable error model in the end-milling.



Chapter 6: Conclusion and Further Aspect

6.2 Further Aspect

The further aspect of research could target to improve more prediction accuracy of the
machining error model. Firstly, designing a more precise preliminary experiment. Secondly,
conduct data collection in a larger amount of machining experiments for evaluation. Next,

consider changing for complex workpiece shape, the tool type, and other materials.

In addition, improving cutting force analysis and workpiece deformation in order to obtain
more accuracy in error prediction is also necessary. Only conventional estimation is exactly
insufficient. Therefore, the new theoretical formulas for cutting force prediction examining
the appropriate release face contact length and uncut amount portion (residual) to define the

suitable coefficients are currently studied.
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Appendix A: Machining Error Results

Table A-1 Machining error obtained from preliminary experiments

Appendix

# WPsize M/C ME RPM x ¥y bk b (&) H/0%h) F  DoC WoC
1 10x10x20  begin  225.14 2000 104.350  91.350 1.715  7.281 0.016 0.080  0.025 10 1
2 middle  195.09 2000  50.500 129.475 3.943  6.224 0.078 0.048 0.025 10 1
3 end 252.67 2000  46.900 130.750 3.533  7.108 0.075 0.054 0.025 10 1
4 5x10x20  begin 150.26 4000  53.125  51.919 1589  3.702 0.030 0.071 0.013 5 1
5 middle  121.26 4000  35.415  34.273 2.017 4.064 0.057 0.119 0.013 5 1
6 end 116.58 4000  29.858  57.417 1.947 4.184 0.065 0.073  0.013 5 1
7 10x20x20  begin  293.75 4000 237.188 165.388 1.712 5.674 0.007 0.034 0.025 10 1
8 middle 20538 4000  96.331 143.275 1.678 8.055 0.017 0.056 0.025 10 1
9 end 197.09 4000  34.590 104.650 2.433 7.876 0.070 0.075 0.025 10 1
10 10x10x20  begin 58.88 4000  30.515 4904 0.832 2828 0.027 0.017 0.013 10 03
11 middle  56.16 4000  13.535 9.715 0.735 2.105 0.054 0.046 0.013 10 03
12 end 40.95 4000  15.827 8.467 0.697  2.061 0.044 0.041 0.013 10 03
13 10x10x20  begin 123.31 4000  51.294  43.044 0.704  2.907 0.014 0.148 0.013 10 07
14 middle  97.22 4000  14.148 27915 0.570 3.584 0.040 0.078 0.013 10 07
15 end 100.15 4000 8563  32.500 0.748  3.798 0.087 0.086 0.013 10 07
16  10x10x20  begin 149.56 4000  51.071  53.038 0.613  2.975 0.012 0.178  0.013 10 1
17 middle 12079 4000 28506  38.356 0.621 5.510 0.022 0.070  0.013 10 1
18 end 126.31 4000  13.787  54.894 0.535 5.170 0.039 0.106 0.013 10 1




Appendix

Table A-2 Machining error obtained from evaluation experiments

# WPsize M/C ME RPM x ¥y bk b (&) H/0%h) F  DoC WoC
1 10x10x20  begin 14827 2000  69.475  33.125 1.804 2.780 0.026 0.084 0.025 10 05
2 middle 10659 2000  43.700  33.125 2.341 3.123 0.054 0.094 0.025 10 05
3 end 104.94 2000 45875  39.300 2416 3.346 0.053 0.085 0.025 10 05
4 10x10x20  begin 178.2 2000 57.700 52325 1.750  4.106 0.030 0.078 0.013 10 1
5 middle  155.11 2000  35.700  60.800 2.995  4.982 0.084 0.082 0.013 10 1
6 end 169.11 2000  59.100  55.725 2981 5.313 0.050 0.095 0.013 10 1
7 10x15x20  begin 217.3 2000 140.200 122.400 1.702  4.961 0.012 0.041 0.013 10 1
8 middle  166.84 2000  81.800  90.500 3.647 5.371 0.045 0.059 0.013 10 1
9 end 22338 2000  55.050 74750 3.757 5.174 0.068 0.069 0.013 10 1
10 10x15x20  begin 26891 2000 178.475 143.250 2.972  6.243 0.017 0.044 0.025 10 1
11 middle  251.79 2000 112.450 155.125 2.889  6.891 0.026 0.044 0.025 10 1
12 end 272.08 2000 46275 135175 3.314 8.118 0.072 0.060  0.025 10 1
13 10x10x20  begin 117.66 4000  55.175  49.475 1.819 4.119 0.033 0.083 0.013 10 1
14 middle 10529 4000  30.375  36.800 2.387 4.728 0.079 0.128 0.013 10 1
15 end 105.99 4000 25125  57.000 1.831 5.888 0.073 0.103  0.013 10 1
16  10x10x20  begin  221.72 4000  82.875  99.575 2.183  5.230 0.026 0.053  0.025 10 1
17 middle  205.68 4000  56.700  64.650 1.505 8.557 0.027 0.132  0.025 10 1
18 end 234.91 4000 18.075 107.400 2.320 8.172 0.128 0.076 0.025 10 1
19 5x10x20  begin 169.07 4000  50.505  38.240  6.605 3.093 0.131 0.081  0.009 5 1
20 middle  152.56 4000  11.188  29.313 1.472 3.464 0.132 0.118  0.009 5 1
21 end 142.47 4000 7.988 43100 1580 4.434 0.198 0.103  0.009 5 1
22 5x10x20  begin 189.46 4000  82.321  60.008 1.460 3.479 0.018 0.058 0.019 5 1
23 middle 17542 4000  28.392 74383 1.702  5.800 0.060 0.078 0.019 5 1
24 end 202.39 4000 37.935  74.148 2.695 6.033 0.071 0.081 0.019 5 1
25 5x10x20  begin  283.08 4000 101.012  91.288 1.702  5.064 0.017 0.055 0.025 5 1
26 middle  239.24 4000  33.769  67.160 2.822  6.533 0.084 0.097 0.025 5 1
27 end 22991 4000  38.454  79.413 2421 7.855 0.063 0.099  0.025 5 1
28  10x15x20  begin 119.28 4000  93.031  62.906 1575 3.196 0.017 0.051  0.009 10 1
29 middle 8653 4000  42.044  34.604 1.647 3.652 0.039 0.106  0.009 10 1
30 end 107.87 4000 3.231  41.400 1.641 4.510 0.508 0.109  0.009 10 1
31 10x15x20  begin 17452 4000 105.079  66.981 0916 3.689 0.009 0.055 0.013 10 1
32 middle  110.25 4000  40.327  64.067 1517 5.298 0.038 0.083 0.013 10 1
33 end 118.58 4000 18921  52.104 2363 5.466 0.125 0.105 0.013 10 1

77



Appendix

Table A-2 Machining error obtained from evaluation experiments (cont.)

# WPsize M/C ME RPM x ¥y &bk b /(&) H/07%h) F  DoC WoC
34 10x15x20  begin 208.7 4000 134.856 100.994 1.632  4.909 0.012 0.049 0.019 10 1
35 middle 1654 4000  56.858  64.233 1.991 6.810 0.035 0.106 0.019 10 1
36 end 179.65 4000  66.431  37.877 2.149 3.919 0.032 0.103  0.019 10 1
37 10x15x20 begin  270.83 4000 142.442 129.113 2.065 6.977 0.014 0.054 0.025 10 1
38 middle  201.3 4000 58225  90.450 2.369 7.786 0.041 0.086 0.025 10 1
39 end 216.59 4000 3.825 120.692 2.168  6.825 0.567 0.057 0.025 10 1
40  10x20x20  begin  252.69 4000 170.644  96.113 1.223  3.545 0.007 0.037  0.009 10 1
41 middle  173.77 4000  87.756  80.550 1.391  4.165 0.016 0.052  0.009 10 1
42 end 184.62 4000  60.450  50.500 1.702  4.247 0.028 0.084 0.009 10 1
43 10x20x20  begin  210.99 4000 179.519 126.131 1.800 3.584 0.010 0.028 0.013 10 1
44 middle  148.95 4000 95788  83.531 1.763  3.660 0.018 0.044 0.013 10 1
45 end 14254 4000  54.867  97.510 1.557 5.109 0.028 0.052  0.013 10 1
46 10x20x20  begin  325.13 4000 212913 147.585 1.901 5.607 0.009 0.038 0.019 10 1
47 middle  220.76 4000 122.756  95.000 1.848 6.278 0.015 0.066 0.019 10 1
48 end 216.29 4000  91.879  98.056 2.258 4.919 0.025 0.050  0.019 10 1
49  10x10x20  begin 78.17 4000  43.796  17.894 0.803  2.740 0.018 0.065 0.013 10 05
50 middle ~ 62.791 4000  12.729  22.454 0.575 2.610 0.045 0.086 0.013 10 05
51 end 61.86 4000  20.648  20.800 0.434 2.157 0.021 0.096 0.013 10 05
52 10x10x20  begin 122 4000  43.900  37.698 0.885 2.658 0.020 0.142  0.025 10 03
53 middle 103.7 4000 24935 28.902 1.143 3.231 0.046 0.089  0.025 10 03
54 end 112.3 4000  26.723  21.631 1.282  3.387 0.048 0.064 0.025 10 03
55 10x10x20  begin 179.2 4000  60.817  50.129 1.168 4.189 0.019 0.120  0.025 10 05
56 middle 163 4000  24.225 49525 1.077 4.705 0.044 0.105 0.025 10 05
57 end 153.6 4000 31.369  60.544 1.212 3.975 0.039 0.152  0.025 10 05
58 10x10x20  begin 2163 4000  69.400  89.573 1.107 5.648 0.016 0.159  0.025 10 07
59 middle 2077 4000 45.831 57.237 1.176 5.181 0.026 0.110  0.025 10 07
60 end 206.2 4000  33.406  66.396 1.095 6.304 0.033 0.105 0.025 10 07
61 10x10x20  begin 2449 4000 59.813  79.431 0.978 7.577 0.016 0.105 0.025 10 1
62 middle  237.1 4000 42344  78.444 1.089 7.767 0.026 0.101  0.025 10 1
63 end 2552 4000  22.435  80.942 1.096 7.892 0.049 0.103  0.025 10 1
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Appendix B: Preliminary Experiment Machining Error Results

In the case of preliminary experiments which purposed to identify coefficient and construct

the models, the average differences between the measurement machining error and the

estimation machining error of the conventional cutting conditions, the mechanistic, and the

statistical models were approximately 11.39%, 12.38%, and 7.84%, respectively.

Table B-1 Multiple regression analysis of the conventional model for preliminary

Regression Statistics

Multiple R 0.941833
R Square 0.887049
Adjusted R Square 0.879989
Standard Error 22.693727
Observations 18
ANOVA df SS MS F Significance F
Regression 1 6471255 64712.55 125.65 5.4856E-09
Residual 16 8240.08 515.01
Total 17 72952.64

Standard Lower Upper Lower Upper

Coefficients t Stat P-value
Error 95% 95% 95.0% 95.0%

Intercept 16.5069 12.7418 1.2955 0.2135 -10.5045 43.5183  -10.5045 43.5183
m. error 0.8870 0.0791 11.2096 0.0000 0.7193 1.0548 0.7193 1.0548

Normal Probability Plot
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Fig. B-1 Normal probability of the conventional model for preliminary
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Fig. B-2 Preliminary machining error comparison of the conventional model

Table B-2 Multiple regression analysis of the mechanistic model for preliminary

Regression Statistics

Multiple R 0.97091
R Square 0.94267
Adjusted R Square 0.93909
Standard Error 16.66695
Observations 18
ANOVA df SS MS F Significance F
Regression 1 73082.47 73082.47 263.09 2.35231E-11
Residual 16 4444.60 277.79
Total 17 77527.06

Standard Lower Upper Lower Upper

Coefficients t Stat P-value
Error 95% 95% 95.0% 95.0%

Intercept 8.3783 9.3580 0.8953 0.3839  -11.4597 28.2162  -11.4597 28.2162
m. error 0.9427 0.0581 16.2200 0.0000 0.8195 1.0659 0.8195 1.0659
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Normal Probability Plot
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Fig. B-3 Normal probability of the mechanistic model for preliminary
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Fig. B-4 Preliminary machining error comparison of the mechanistic model
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Table B-3 Multiple regression analysis of the statistical model for preliminary

Regression Statistics

Multiple R 0.97685
R Square 0.95423
Adjusted R Square 0.95137
Standard Error 14.98287
Observations 18
ANOVA df SS MS F Significance F
Regression 1 74886.37 74886.37 333.59 3.86022E-12
Residual 16 3591.78 224.49
Total 17 78478.15
Standard Lower Upper Lower Upper
Coefficients t Stat P-value
Error 95% 95% 95.0% 95.0%
Intercept 6.6883 8.4124 0.7951 0.4382 -11.1452 245218 -11.1452 24.5218
m. error 0.9542 0.0522 18.2644 0.0000 0.8435 1.0650 0.8435 1.0650
Normal Probability Plot
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Fig. B-5 Normal probability of the statistical model for preliminary
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Fig. B-6 Preliminary machining error comparison of the statistical model
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Appendix C: PCA Programming

Table C-1 PCA source code using Python

# pip install factor-analyzer

# pip install matplotlib scipy scikit-learn

import pandas as pd
import numpy as np
from sklearn.decomposition import PCA # 3= %43 43 b7

import matplotlib.pyplot as plt

df = pd.read_csv('E:¥¥Python¥¥reference¥¥factor_analysis.csv')

# 175 DIEHEAL,
dfs = df.iloc[:, 1:].apply(lambda x: (x-x.mean())/x.std(), axis=0)
dfs.head(81)

# FE T DELT
pca = PCA(Q)

feature = pca.fit(dfs)

# 7 — 2 EROERICER

feature = pca.transform(dfs)

# FTER
pd.DataFrame(feature, columns=[
"PC{}" format(x + 1)for x in range(

len(dfs.columns))

1).head(81)
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(Plot with first and second principal components)

plt.figure(figsize=(8,8))

plt.scatter(feature[:, 0], feature[:, 1], alpha=0.8, c=list(df.iloc[:, 0]))
plt.grid()

plt.title("principal component")

plt.xlabel("PC1")

plt.ylabel("PC2")

plt.show()

from pandas import plotting

plotting.scatter_matrix(

pd.DataFrame(feature, columns=[

"PC{}" format(x + 1) for x in range (len(dfs.columns))
1), figsize=(8,8),c=list(df.iloc[:, 0]), alpha=0.9

)

plt.show()

pd.DataFrame(
pca.explained_variance_ratio_,
index=["PC{}" format(x + 1) for x in range(len(dfs.columns))]

)

# AMHFLGEZRT 2

import matplotlib.ticker as ticker
plt.gca().get_xaxis().set_major_locator(
ticker.MaxNLocator(integer=True)

)

plt.plot([0] + list(
np.cumsum(pca.explained_variance_ratio_)
), "-o"

plt.xlabel("Number of principal components")
plt.ylabel("Cumulative contribution rate")
plt.grid)

plt.show()
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(PCA eigenvalues coding)

pd.DataFrame(
pca.explained_variance_,

index=["PC{}".format(x + 1) for x in range (len(dfs.columns))]

)

#PCA DEEF~R7 F
pd.DataFrame(pca.components_,
columns=df.columns[1:],

index=["PC{}".format(x + 1) for x in range(len(dfs.columns))]

)

#E1ERNEE 2 EHD BT 2LEBOEER v vk Try F T 5
plt.figure(figsize=(8,8))
for x, y, name in zip(pca.components_[0], pca.components_[1], df.columns[1:]):

plt.text(x,y,name)

plt.scatter(pca.components_[0], pca.components_[1], alpha=0.8)
plt.grid()

plt.xlabel("PC1")

plt.ylabel("PC2")

plt.show()
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