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ABSTRACT

The application of Carbon Fiber-Reinforced Polymers (CFRP) has been expo-
nentially increasing during the last decade in a wide range of industries such as
automotive, aerospace, wind turbines, medical instruments, and sports goods. This
popularity of CFRP is because of their excellent mechanical properties such as a
higher strength-to-weight ratio and superior fatigue and corrosion resistance. Al-
though CFRP are made near net shape, they need to be machined for assembly
at the finishing stage. Because machining is at the final stage of the manufactur-
ing process, the occurrence of failure types including fiber pull-out, fiber breakage,
matrix smearing, and especially delamination will cause rejection of the high-value-
added composite part. This work is motivated by the need to better understand the
fundamental machining processes, especially milling operation for CFRP composite
materials.

Since delamination is correlated with the level of cutting forces, it is required to

develop cutting force models for controlling and optimization of the machining pro-



v

cess to avoid damage. Among various approaches to studying the milling operation,
mechanistic cutting force models are commonly used to compute milling forces under
different machining parameters such as axial and radial depth of cut and feedrate. In
isotropic (e.g. metallic) materials, parameters of the mechanistic model are treated
as constants that are identified using well-established experimental procedures. Me-
chanics of chip formation in CFRP varies depending on the fiber cutting angle, which
continuously changes as the tool rotates in milling operation. To address this vari-
ation, a mechanistic model with parameters that depend on fiber cutting angle is
proposed, and a new experimental method is presented to identify the parameters of
the proposed model. The mechanistic force model parameters, also known as specific
force coefficients (SFC), are assumed to be periodic functions of the fiber cutting
angle, where the Fourier coefficients of the periodic function are identified from the
milling forces measured during a set of milling operations at various feedrate and fiber
orientations. The experimental validation of the presented force modeling approach
confirms its accuracy to predict cutting forces in milling CFRP.

In addition to the complexity of CFRP milling model, unexpected changes in
cutting conditions and tool wear during the process also add to the uncertainty of the
conventional offline calibration approaches, causing the need for online identification
methods to adaptively recalibrate the model parameters. In this work, two recursive
identification methods based on recursive least squares (RLS) and Kalman filter (KF)
algorithms are presented. In the RLS method, the model parameters are identified
by the recursive regression of the forces measured at discrete time steps. Runout
parameters are measured accurately and modeled properly in the RLS algorithm
in order to improve the performance of RLS and avoid biased errors. The initial
immersion angle of the tool is also estimated as the first stage of the identification
process because the RLS algorithm requires this value before it starts recursively
updating the unknown SFC of the force model in the second stage.

In the KF approach, a state-space model and observer with constant stochastic
dynamics are constructed. In addition to SFC, the runout forces could be also iden-
tified as harmonic functions in the state variables vector without prior knowledge of
their values, which is one advantage of KF over RLS. The initial immersion angle is
considered as an additional state variable in an extended Kalman filter (EKF) by lin-
earization of the observation matrix in a one-stage identification process. Numerical
simulations and experimental studies on milling UD-CFRP and MD-CFRP validate

the performance of the presented methods. As a result, the identified model accu-



rately predicts the machining forces, and therefore, can be used for process monitoring

and optimization in the machining of metals and composite materials.
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Chapter 1

Introduction

1.1 Research Background and Motivation

Carbon fiber reinforced polymers (CFRP) are composite materials in which carbon
fibers embedded in the polymeric matrix resin. FEach carbon fiber filament has a
diameter in the range of 5-15 microns. Carbon fibers are essentially used to improve
the stiffness and strength of the composite material while the synthetic resin ma-
trices such as polymides, epoxies, vinyl esters, and other thermoplastics maintains
fiber alignment and transfers structural load among the fibers. This reinforced struc-
ture can be designed to have more strength and fatigue resistance than conventional
metallic materials such as steel and aluminum. Compared to other polymeric com-
posites with glass and aramid, carbon fibers are mainly used in applications requiring
more stiffness rather than tensile modulus of glass and aramid fibers [1]. CFRP and
GFRP are two main types of fiber-reinforced materials. The key difference between
them is that CFRP contains carbon as the fiber component, whereas GFRP contains
glass as the fiber component. Concerning the properties, CFRP is lightweight and
has low density, while GFRP has medium weight and medium density. Moreover,
CFRP is highly expensive, which limits the use of this material in many applications.
Meanwhile, comparatively, GFRP is less expensive and is used where CFRP cannot
be used [1]. Considering the scope and application of this research project, CFRP

was chosen to be studied.



1.1.1 Classification of CFRPs

CFRPs could be categorized based on the length and arrangement of fibers. A dis-
tinction is made between continuous strand, long and short fibre reinforced materials.
In continuous strand reinforced materials, single fibres are arranged to roving with
arbitrary directions where one roving usually consists of 5000-15000 fibres. In short
CFRPs, the fibre segments are randomly arranged in the matrix while long fibers
reduce the risk of lattice defects which can cause fiber failure and crack propaga-
tion [2]. In this work, the scope of project is limited to the long-fiber CFRPs. For
short fiber CFRP, the composite material can be treated as an isotropic material.
fibers embedded in the resin matrix are considered to be cut together in the milling

operation.

In terms of substance’s resistance to elastic deformation, carbon fibers can be
classified into standard modulus, intermediate modulus, and high modulus groups.
Standard modulus carbon fiber has a huge share of more than 80% of the total market
these days and it’s mostly used in automotive and aerospace application while the
other two classes are usually used in pressure vessels, wind turbines blades, and some
aerospace applications. Other dominant physical properties of carbon fibers include
light weight, low coefficients of thermal expansion, and great fatigue resistance and
electrical conductivity.

The long fiber-reinforced composites are classified based on the orientation of fiber
directions. A CFRP laminate is usually manufactured by stacking several layers of
plies together in a specific orientation. These flat layers, in which long carbon fibers
form the assembled fabric, could be Uni-Directional (UD), Multi-Directional (MD),
or Woven plies. Manufacturers design the composite laminates in order to achieve the
lightest and strongest structures by matching the orientation of fibers in the direction
of applied loading in the CFRP materials.

In UD laminates, placing the fibers in one direction will result in maximum tol-
erance of forces in that certain direction and therefore the best possible mechanical
properties of the CFRP components. However, to increase the tolerance of CFRP
components against the applied forces in more than one direction, several laminates
of UD plies will be stacked up together to build a MD formation which is reinforced
in different preferential directions. For bidirectional fiber orientations prepreg ply

(also called woven-ply), the ultimate strength is lower, but occurs in two directions.



As the direction of the fibers becomes more statistically distributed throughout the
composite, the ultimate strength decreases, but the properties are more uniform in
all loading directions [1].

Proper selection of ply orientation is important in CFRPs in order to get optimum
mechanical properties and provide an efficient structural design because strength
design requirements depend on the direction of the applied load, the orientation of
the plies and correct sequence [3]. Figure 1.1 shows the schematic illustration of the
CFRP. The focus of this research is on flat UD-CFRP and MD-CFRP laminates.

Polymer matrix a

~ Il

Fibers

Transverse direction

v
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Ply No. Orientation A=
angle /

1-6 0°
7-12 45°
13-18  90°
19-24 -45°
25-30 -45°
31-36  90°
37-42  45° €
43-48 0°

Figure 1.1: (a) Unidirectional (UD) fiber orientation ply; (b) Bidirectional fiber orien-
tations ply (woven-ply); and (c) Multi-directional (MD) laminate with quasi-isotropic
laying-up sequence of UD-plies CFRP [3].

1.1.2 Material manufacturing process

Several manufacturing processes exist to impregnate the fibers with the matrix sub-
stance and build the component [1]. the selection of the right method depends on
component size, matrix material, and geometrical components. The least compli-
cated method is spraying or injecting resin to the laminate placed in one-sided mould
under standard atmospheric conditions or vacuum bagging. Another technique is

resin transfer moulding, also known as RTM, in which fibers are placed in a dry



stack and compressed together with a binder before injection of resin to the second
mould layer. However, the most preferred manufacturing method for producing fiber-
reinforced composite parts is prepreg layup (pre-impregnated fabrics). It is usually
done by automated tape placement machines. Figure 1.2 schematically shows prepreg

layup of a composite part over a contoured tool surface.

Prepreg plies

Release film .
- ™
or coating Hh
Tool
surface
’ /
Tool
frame

Figure 1.2: Schematic of prepreg layup over a contoured mold [1].

The manufacturing procedure involves removing the prepreg tape, and then cut-
ting the fabrics to the final shape and size, stacking the individual layers (plies)
together in the desired orientations, put into a mould and typically heated in an
autoclave to form the final shape at temperature around 150°C. The resin reflows
and cures under these certain conditions and then covering with appropriate mate-
rials for the cure process. The objective of the cure process is to remove volatiles
and excess air, to facilitate solidification the laminate, and to apply temperature and
pressure to ensure good bonding during cure. For large structures, this process may
be adapted to “out of autoclave” by applying pressure with vacuum bagging instead

of the tool and using an oven to cure the component. Autoclave processing ensures



good lamination but requires a somewhat expensive piece of hardware [4]. The read-
ers are advised to follow reference [5] for more detailed descriptions of composites

manufacturing processes.

1.1.3 CFRP in industrial applications

CFRP are used in many advanced technologies due to their ability to provide materials
for several initiatives of energy efficiency and renewable energies. The application of
CFRP in a wide range of industries such automotive, aircraft, wind turbines, medical
instruments, and sports goods have been exponentially increasing due to their higher
strength to weight ratio and a superior fatigue and corrosion [6, 7]. Lightweighting
property of CFRP in transportation applications reduce the fuel consumption and
leads to energy reduction. Moreover, for instance in wind turbines, using carbon
fiber composites enables the designers to extend the turbine blades which results
in capturing more wind energy as well as developing the performance of the wind
turbine system and putting away the limitation of conventional materials used in
this industry. Another example of carbon fiber applications is CFRP-based pressure
vessels in alternative fuel vehicle where using CFRP enables these new vehicle to
increase the fuel economy for longer distance travels. Many other applications exist

for CFRP composite parts which guarantees the spike in anticipated future demands.

1.1.4 Machining operations and challenges

Although CFRPs are mostly produced near net shape, machining is often required
to satisfy the dimensional requirements, and to prepare the parts for the assembly.
Majority of machining operations e.g. contour milling, drilling, trimming, waterjet
machining are still necessary for the finishing stage. In this research, focus will be on
the CFRP milling process.

The schematic of a single point cutting tool is shown in Figure 1.3a, where the
cutting conditions such as chip thickness (h), cutting speed (V.), and depth of cut
(a) remain constant at all times under orthogonal cutting operation. Because the
cutting edge is perpendicular to cutting direction, cutting forces only have components
in cutting and feed directions (F; and Fy, respectively). Figure 1.3b also shows a
schematic of multi points cutting tool where the machined surface is perpendicular
to the axis of rotation of the cutter. Also, The engagement into the the workpiece is

in the axial direction of the cutter. At every angular position of the cutting edge, the



instantaneous chip thickness and fibre cutting angle are determined using the dexel
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Figure 1.3: (a)Interaction between tool and CFRP workpiece in single point orthog-
onal cutting operation; (b)Schematics of main parameters in multi points orthogonal
milling operation for CFRP

Machinability is a parameter which always takes much attention in industrial
applications in order to increase the efficiency of the production process. Quality
of the machined surface is a key factor in machinability of CFRPs. Because of the
inhomogeneous structure of CFRP composites, material damages occurs more often in
CFRPs than for homogeneous metallic parts during the machining process. Aerospace
and aviation industry, which benefits the most from composites technology, has the
highest strict requirements on machining quality. Low quality finishing surface is not
tolerated on the structural components [1].

Delamination is one of the most challenging issues in CFRP milling process due
to the complex interaction between the end mill and the laminates. It is caused
by the low interlaminate strength of the composite structure and high transverse
forces resulting from cutting action. Kalla D. et al. [9] proposed a model to predict
the cutting forces which is a good indicator for controlling and optimizing cutting
parameters to avoid delamination and material deformation. Numerous parameters
such as fiber orientation and fiber volume [10], axial depth of cutting, and feed-rate
[11], cutting speed [12] were identified to play a significant role in surface finish quality.

A study was also carried out on the influence of resin type on the delamination
behavior of CFRPs [13]. They used two different matrices (an 8552 epoxy with

improved toughness and an unmodified brittle 3501-6 epoxy) in a flexure test under



similar loading. The results confirmed the improved performance of the modified
resin in terms of avoiding crack initiation and delamination growth.

Since delamination is highly correlated with cutting forces, applying improper
speeds and feeds, inappropriate tool geometry and tool wear will cause cutting forces
exceed from a normal level and it affects the machinability of CFRP composites.
According to Figure 1.4, there are three basic types of delamination. Type I shows
broken fibers prolonging inward forming the trimmed edge. Type II includes uncut
fibres which coming outside the material. Type III describes fibres which are partially
attached to the milled edge [14].
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Type Il and I/ll Delamination

Figure 1.4: Classification of delamination in CFRP laminates [14].

1.1.5 Research motivation

CFRPs are increasingly used in various industries due to their lightweighting and su-
perior mechanical properties (i.e. high strength-to-weight ratio and a superior fatigue
and corrosion resistance) [6, 1, 7]. CFRPs are machined to be prepared for assem-
bly [15]. Since machining is at the final stage of the production process, occurrence
of failure types such as fiber pull out, fiber break, matrix smearing and especially
delamination will cause rejection of the high value-added components. This work is
motivated by the need to better understand the fundamental machining processes for
CFRPs which are inhomogeneous composite materials. Since delamination is corre-
lated with the level of cutting forces, we also aim to explore potential opportunities
for developing the cutting force models in order to control and optimize the process
to avoid damages.

This dissertation focuses on study of CFRP machining for generation of process



knowledge and the findings are applied to optimise conventional CFRP milling pro-
cess. The detailed state of the art concerning these topics is presented in Section 1.2.
The literature review section is organized into three subsections: Subsection 1.2.1
reviews the studies related to the cutting mechanics and chip formation mechanism
in milling CFRP; Subsection 1.2.2 provides an overview of cutting force modeling in
milling of composite materials while Subsection 1.2.3 is a brief overview of the recur-
sive online methods in identification of dynamic systems. The research objectives are

presented in Section 1.3, as well as the structure of the thesis in Section 1.4.

1.2 Literature Review

This Section provides an overview regarding characteristic properties of CFRP, chip
mechanics in orthogonal cutting of CFRP components, and different modeling ap-
proaches in machining processes including cutting force models, specific cutting en-

ergy models, and online identification approaches in CFRP milling.

1.2.1 Chip formation mechanism in milling CFRP

The chip formation process in machining unidirectional FRPs is categorized into five
different types, as shown in Figure 1.5, depending on fiber orientation and cutting
edge rake angle. According to [16], delamination type I chip occurs when a layer of
composite is peeled of and breaks off when the bending stress exceeds the bending
strength of the fibers. Type II happens when the fibers buckle and fail due to bending
stress. Type III cutting chip is similar to shear-type chip formation in metal cutting
followed by interlaminar shear along the fiber-matrix interface. Type IV and V occurs
when severe fracture in the fibers-matrix and bulky discontinuous chips are formed.

Detailed literature reviews on machining of composite materials can be found in
[1, 7] where experimental, analytical, and finite element modelling techniques were
used to study the chip formation mechanism in machining CFRPs.

Although CFRPs are often fabricated to near net shapes (e.g. by molding or
filament winding), a post machining operation is usually needed to guarantee an
acceptable dimensional tolerance, surface quality, and other functional requirements
in assembly and finishing stages [17].

Machining of CFRP is more difficult than machining of conventional metals be-

cause of anisotropic properties and having two phases of material with totally different
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Figure 1.5: Cutting mechanisms in the orthogonal machining of CFRP with a sharp
edge [16].

mechanical and thermal properties, which leads to a more complex interaction be-
tween matrix and fibers during machining [12]. The heat generated during machining
is dissipated through the cutting tool, chip, and workpiece. The heat may be high
enough to cause melting or decomposition of the polymer matrix. The cutting tem-
peratures at high cutting speeds may also be high enough to cause thermally activated
tool wear. Therefore, the cutting forces will be affected at high temperatures. The
machinability of FRPs is improved tremendously when machining at cutting speeds
lower than the transitional speed [5]. The scope of this work is limited to the ef-
fect of fiber orientation angle in the mechanistic force model, and the temperature is
assumed a constant parameter in this project.

In general, the methods used in studying the machining of CFRPs are classified

into four categories [18]:
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e Experimental study of the macro/microscopic machinability of CFRP compos-

ites [19], and optimization of the machining process [20].

e Analytical studies on the estimation of process responses, such as cutting forces
[21].

e Numerical modeling and simulation of machining of unidirectional CFRPs with

methods ranging from the macro-mechanical to the micro-mechanical approaches.

e Mechanistic force methods are based on the physics of the cutting process and
could be represented by mathematical equations and empirical calibration ap-

proaches for process parameter predictions [22].

- Experimental investigation:

Orthogonal cutting tests on CFRP was conducted by Koplev [23] to study chip for-
mation mechanisms and the effect of fiber direction on the surface roughness. They
found out that surface quality depends on fiber cutting direction. Better surface fin-
ishing was observed when fibers orientation is parallel to cutting direction. They also
studied the effect of tool geometry on machining to see the effect of tool’s clearance
angle on machining forces.

Hocheng et al. [24] conducted experimental tests on milling of CFRPs. They
could successfully investigate chip formation, surface roughness, and cutting forces.
They also categorized chips as powder-like and ribbon-like on the basis of fracture
and buckling of fibers, respectively.

Another work was done by Wang et al. [17] to analyze orthogonal cutting experi-
ments on unidirectional laminates. They observed greater thrust forces than cutting
forces due to elastic recovery of the fibers. As their next step, they conducted sim-
ilar tests on multidirectional laminates [16] consisting unidirectional laminates with
different fiber directions. They concluded that each layer behaves as an independent
laminate, and the superposition principle is suitable to calculate cutting forces.

Milling process is usually used as a corrective operation to produce a high-quality
surface finishing [24]. In contrast to orthogonal turning operation, milling is char-
acterized by interrupted cuts and variation of theoretical chip thickness during tool

rotation, which makes the study of milling CFRPs more complicated.
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- Analytical models:

A theoretical model was presented by Jahromi A. et al. [25] for predicting cutting
forces based on the material mechanical properties of FRPs. They developed a new
analytical method using energy method to predict the machining forces for orthogonal
machining of unidirectional polymer-matrix composites for fiber orientations ranging
from 90°to 180°.

- Numerical study:

These studies are mostly based on Finite Element Method [26] and Discrete Element
Method [27]. Most of the current numerical methods are focused on orthogonal
cutting and not suitable for three-dimensional modeling of more complex processes
such as drilling, milling, etc. [6].

Using Artificial Neural Networks (ANN) can lead to prediction of the mechanical
behavior of composites. The predictive capabilities of these networks can be improved
by determining more appropriate ANN structures. There are still challenges about
how to use one type of composite material analysis data for other kinds; how many
materials should be used as a training set to give accurate predictions for a new
material; In addition, what material properties are the most important to take into

account in model [28].

- Mechanistic models:

This work utilizes mechanistic modeling techniques for simulating the cutting of
CFRP with a helical end mill. . It is shown that the method developed is capable of
predicting the cutting forces in helical end milling of unidirectional and multidirec-
tional composites and over the entire range of fiber orientations from 0° to 180°.

A mechanistic machining model was presented by Kalla et al. in [9] to estimate the
cutting and rubbing force coefficients in helical end milling of unidirectional and mul-
tidirectional laminates. The methodology was developed for predicting the cutting
forces by transforming specific cutting energies from orthogonal cutting to oblique
cutting over the entire range of fiber orientations from 0° to 180°. In a compre-
hensive study on mechanistic force models, Hintze et al. [29] focused on machining
CFRP during slot milling experiments and showed that occurrence of delamination
is highly related to tool wear and fiber cutting angle. They also proposed a model

for propagation of the damages in composite materials.
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1.2.2 Mechanistic cutting force modeling in milling CFRPs

Mechanistic models are used to predict the cutting forces directly from specific cutting
energy functions and chip geometry. Specific cutting energy (also known as specific
cutting force coefficients) is a material property that describes the amount of energy
consumed in removing a unit volume of the workpiece material in the process of ma-
chining. Specific cutting energy for metals depends on the chip thickness, cutting
speed, and tool wear. Specific cutting energy for CFRPs also depends on fiber ori-
entation. The cutting forces are determined as the product of the uncut chip area
and the specific cutting force coefficients. Although various mechanistic models have
been developed for predicting cutting forces in metals, there is very limited work on
mechanistic modeling in machining CFRP [30].

The specific cutting energy for a given tool-workpiece pair is defined as the ma-
chining power per unit volume per unit time, and is determined experimentally from
the cutting force and material removal rate. For example, the specific cutting energy
in orthogonal cutting Figure 1.3a is given by:

P, FV. F

K =Pg = — = = —
t= P Zw faV. fa

(1.1)

where f is the feedrate, a is depth of cut, V, is cutting speed, and F; is the cutting
force. K is specific cutting energy or specific cutting force coefficients (SFC). If the
specific cutting force coefficients (SFC) are known, the cutting force, F;, and thrust
force, Fy for a given cutting geometry in Figure 1.3a can be calculated in 1.2 in which
K; and Ky are SPC in two principle directions. Edge force coefficients Kie and K e

also account for the cutting forces that do not contribute to the shearing action [1]:

Ft = Kt(h, G)ha —+ Kte.a

(1.2)
Ff = Kf(h, (‘))ha —|— Kfe.a

Schulze V. [31] experimentally obtained the machining forces on short glass fiber
reinforced polyesters. Specific cutting force coefficients in feed and normal directions
to the tool movement were determined for various parameters of cutting velocity,
cutting depth, cutting edge rounding and tool inclination. Using a multivariate re-
gression model allows calculation of machining forces (and direction) for arbitrary
milling operations. Figure 1.6 shows the results of their modeling in which there is a

disproportional increase in specific forces when tool edge radius is greater than chip
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thickness during machining. This variation should be considered especially in milling

operations with varying cutting thicknesses from zero to feed per tooth [31].
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Figure 1.6: (a) Specific cutting forces vs. cutting thickness; (b) Variation of effective
force angle as a function of different geometric engagement conditions [31].

Zhao et al. [32] also classified the energy consumption at different machining
states. Specific energy model was also investigated and consumed energy was divided
into three main types of net specific cutting energy, spindle energy, and machine tool
energy consumption. However, this model is not accurate for composite materials;
and some parameters such as fiber orientation and cutting angles need to be taken

into account to improve the accuracy of the machining model.
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Figure 1.7: Specific energy comparison for aluminum AW6082-T6 alloy, AISI 1045
steel alloy and titanium 6Al-4V alloy [33].

The main idea of the work presented by V. Balogun [33] is modeling the specific
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cutting energy coefficient based on the un-deformed chip thickness. A variation of
specific energy with chip thickness was tested and reported for three different mate-
rials, Figure 1.7. Although their experiments were conducted for materials such as
titanium, steel alloy, and aluminum, the methodology can be used for extracting the
specific cutting energy constants for composite materials as well.

Yanli He et al. [34] also proposed a mechanistic milling force model in slot milling
of unidirectional CFRP with different cutting orientations and conditions. The pat-
terns of cutting force and resulting defects along with the inherent mechanism were
investigated. The specific cutting force coefficients were calibrated experimentally.
It was shown the at SFC are related to instantaneous chip thickness(t.), fiber cut-
ting angle(/3), and cutting speed(v). According to their observation in Figure 1.8,
delamination is strongly related to the fiber cutting angle. Severe uncut fibers exist
when fiber cutting angle reaches 90°and beyond till 180°. When fiber cutting angle
lies between 0°and 90°, no or little uncut fibres left [34].
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Figure 1.8: Damages during milling process in various fiber orientation angle: a) 0°,
b) 45° ¢) 90°, d) 135°, e) The damage sketch [34].

Phadnis et al. studied the effects of different machining conditions on the specific
cutting energy of CFRP, as shown in Figure 1.9 [35]. They also showed that power
consumption increases linearly with the material removal rate (MRR).

Q. AN et al. [36] compared the milling process forces for two CFRP materials
with different fiber tensile strengths. They calculated the specific cutting energy,
and showed that it reduces when the cutting depth increases. They also showed
that improved machinability occurs for increased axial cutting depths. An exception
occurs for the fibre orientation of 90°, in which the specific cutting energy maintained
stable after the cutting depth exceeded the fibre diameter.
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Figure 1.9: Effect of feed on the specific cutting energy for (a) pultruded CFRP
composites and (b) CFRP composite pipe [35].

1.2.3 Monitoring of the machining processes

The success of manufacturing process automation hinges primarily on the effectiveness
of process monitoring and control systems. Using monitoring systems seems to be an
essential part of a high-quality manufacturing process which can helps to have a higher
machining speed, better surface quality, lower tool wear, reduction in machining fluid
usage [37].

Parameters of the cutting process model for composite materials are changing
simultaneously because of variation in composite material types, different cutting
tool geometries, and higher possibility of tool wearing during composite machining.
An adaptive control system could be used for online prediction and controlling of
damages. Therefore, It is necessary to adaptively control the force/energy by manip-
ulating feedrate throughout the toolpath. In conventional approaches, a machinist
can adjust the cutting parameters (i.e. federate) to control the level of cutting forces
when an increase in the predicted forces is observed, and therefore, to avoid in-process
damages.

Monitoring of machining processes helps to identify tool wear, surface roughness,
material damages during machining to obtain higher productivity and better product
quality, and identify the risk of severe damage to workpiece or machine tool com-
ponents. The measurement techniques for monitoring are generally categorized into
direct and Indirect methods.

Direct measurement is when the actual value of the variable is being directly mea-
sured. Direct methods are such as ultrasound system, laser sensors, CCD cameras
for image acquisition, and light reflection technologies. A measurement system was

developed for the evaluation of tool wear using laser sensors that measure displace-
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ment and light intensity [38]. Moreover, the combination of flexible high-resolution
CCD cameras can be used simultaneously for the acquisition of the tool images dur-
ing machining to create an algorithm for data processing based on image acquisition
and database [39]. The measurement sensors are divided into five main categories:
surface texture sensors, surface integrity sensors, dimensional accuracy sensors, tool
condition sensors, and chatter detection [40)].

Although direct techniques are more accurate and useful for laboratory usage, they
are not suitable for industrial applications. Interference with cutting fluid, machine
tool and workpiece movements makes them an unstable system and non-practical for
production lines [41].

According to Liang SY [40], monitoring and control of machining composite ma-
terials have not yet developed in industry. Particularly, control of delamination in
CFRP machining is still a big challenge in which the current methods for conventional
metals are not applicable. Using indirect measurement methods such as cutting force
and specific cutting energy measurements, vibration analysis, and Acoustic Emis-
sion(AE) method could be a practical solution for adaptively controlling the cutting
forces during the machining of CFRPs.

An optimal control problem was investigated by Bosetti et al. [42] for machin-
ing application using a supervisory controller prototype. They minimized a multi-
objective target function to have an optimal productivity, energy consumption rate,
tool wear and surface quality. However, the offline optimization method, used in their
work, cannot be applied for online applications.

In this work, two online methods will be presented to recursively identify the
periodic specific force coefficients in the CFRP milling force model. The presented
methods are based on Recursive Least Squares (RLS) and Kalman Filter (KF) algo-
rithms, and can be implemented online to monitor the variation of the force model

parameters during the process.

1.2.4 The gap in CFRP milling models

The machinability of composite materials are addressed differently from the machin-
ability of conventional materials. The major difference between metallic and compos-
ite components is their structure: isotropic for metals and anisotropic for composite
materials. While for metallic materials all the structure will respond similarly in all

directions, the composite structure will have localized responses from the same ma-
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chining loads, leading to defects in the internal structure of the machined workpiece.

1. Because of the anisotropic nature of CFRPs, understanding of the interaction
between composite material and cutting tool is more complicated than metals
cutting. Lack of comprehensive models for accurately predicting cutting forces
while CFRP milling is a challenging issue; A comprehensive model should be
able to consider all of cutting conditions to predict cutting forces and failures
such as fiber rupture, resin-fiber de-bonding, surface irregularities, and delami-

nation around machining regions.

2. During a machining process and while the tool has interaction with the work-
piece, parameters of the mechanistic force model vary as the tool wear increases.
There are also other cutting conditions which might change simultaneously dur-
ing the process without ability to be monitored. Therefore, it is highly required
to be able to update the mechanistic force model parameters using online iden-
tification methods. As a result, accurate prediction of the cutting forces will be

achievable.

1.3 Research Objectives

The main objectives of this thesis are as following:

1. To understand the fundamental machining processes for CFRP com-
posites and the chip formation mechanics, Chapter 2;
Machining-induced damages such as delamination in machining of CFRP com-
posites is a major concern due to anisotropic nature of these materials. Because
such damages may lead to scraping of a high value-added part in the final man-
ufacturing stage, study of the chip fomation mechanism is necessary in order to

improve the efficiency and avoid machining-induced damages.

2. To identify the parameters of the mechanistic cutting force model in
milling of Carbon Fibre Reinforced Polymers, Chapter 2;
In isotropic (e.g. metallic) materials, the parameters of mechanistic models are
treated as constants which are identified using well-established experimental
procedures. Mechanics of chip formation in anisotropic CFRP varies depending

on the fibre cutting angle. To address this variation, the goal is to identify



18

the model parameters from the milling forces measured during a set of milling

operations at various feedrates and fibre orientations.

3. Online identification of mechanistic milling force models in isotropic
metallic materials, Chapter 3;
The constant coefficients of mechanistic models, also known as Specific Force
Coefficients (SFC), are identified experimentally by offline regression of the ma-
chining forces measured under an extensive set of machining conditions (e.g.
feedrate, fibre orientations). The challenge is that the model parameters iden-
tified by this offline approach lose accuracy when tool wear increases or cutting
conditions change during the process. Therefore, the objective is to adaptively
recalibrate the model parameters during the process by using online identifica-

tion methods.

4. To develop the mechanistic force models in online identification of
specific force coefficients (SFC) during CFRP milling process, Chap-
ter 4;

Mechanistic models are widely used for modelling forces in machining oper-
ations, but their application in CFRP milling is challenging because of the
anisotropic structure of the material. Chip formation mechanics in CFRP
strongly depends on fibre cutting angle, which varies by the tool’s rotation dur-
ing the milling process. Considering this periodic variation, the goal is to adopt
the mechanistic models of the forces in metallic materials for CFRP milling by
replacing its constant coefficients with periodic functions of fibre cutting angle.
Therefore, the final objective of this thesis is to accurately and adaptively pre-
dict the machining forces in milling CFRP for process monitoring, control, and

optimization applications.

1.4 Structure of Thesis

This thesis consists of five chapters. Chapter 1 provides the background and moti-
vations with a detailed introductory literature review. Chapters 2 to 4 present in
manuscript format the main contributions of this thesis with relevant background,
experiments, and results.

Chapter 2 proposes a mechanistic model in CFRP milling with parameters that

depend on fibre cutting angle. Also, a new experimental method is presented to
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identify the parameters of the proposed model. The model parameters are assumed
to be periodic functions of fibre cutting angle, and the Fourier coefficients of the
periodic function are identified from the milling forces.

Chapter 3 demonstrates the performance of Recursive Least Squares (RLS) and
Kalman Filter (KF) algorithms in online monitoring of specific force coefficients in
milling of isotropic metallic materials (i.e. Aluminum). Numerical simulations and
experimental studies are presented to verify the effectiveness of the proposed methods
in identifying the SFC in various cutting conditions.

Chapter 4 presents the development of mechanistic force model in metallic mate-
rials to CFRP composites milling by replacing its constant coefficients with periodic
functions of fibre cutting angle. Performances of the presented methods RLS and
KF are validated by numerical simulations and experimental studies. Milling both
uni-directional and multi-directional CFRP layups are considered in the presented
simulations and experiments.

Chapter 5 of the thesis is dedicated to discussing the ways that the presented
modeling methods in previous chapters can be used to enhance the composite material
machining process.

Finally, Chapter 6 summarizes the key findings, contributions and suggestions for
future work based on the outcomes of three research studies presented in Chapter 2
to 5.
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Chapter 2

Modeling and Identification of
Cutting Forces in Milling of CFRP

This chapter has been published in the journal of Materials Processing Technology,
Volume 280, June 2020, 116595. *
This chapter was a collaborative work in DDM research group at University of

Victoria. The contribution from each author is as following:

Raimund Mullin: Software, Validation, Formal analysis, Investigation, Re-

sources, Data Curation, Writing — Original Draft, Visualization.

Mehran Farhadmanesh: Methodology, Software, Initial analysis, Visualization,

Review and Editing.

Amirali Ahmadian: Validation, Data Curation.

Keivan Ahmadi: Conceptualization, Formal analysis, Visualization, Writing —

Review and Editing, Supervision, Project administration, Funding acquisition.

2.1 Introduction

High strength to density ratio and corrosion resistance of CFRPs have made them a
great alternative to replace metallic materials in a wide range of applications. Com-

posite parts are usually made to near net shape using autoclave molding, compression

thttps://doi.org/10.1016 /j.jmatprotec.2020.116595
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molding, or fillament winding [5], but they often require machining operations such
as drilling and milling in the assembly stage of production [1, 6]. At this last stage,
damages (e.g. delamination and fibre pull-out) may happen due to excessive cutting
forces. To avoid such damages, cutting force models that relate machining parameters
to the resulting cutting forces are essential, because such models enable selecting the
cutting parameters that would result in minimum machining damages.

Modelling milling forces in metal cutting is a well-studied topic [43, 44, 45, 46].
Linear mechanistic force modelling is widely used as an efficient method to compute
milling forces [43]. In this method, cutting forces are modelled as linear functions of
the uncut chip cross section area, which is determined by chip thickness and axial
depth of cut. The coefficients of the linear model, known as cutting and edge force
coefficients, are calibrated experimentally using the machining forces measured during
milling operations.

Budak et al. [45] developed the method known as orthogonal to oblique transfor-
mation, which allows computing the cutting and edge force coefficients based on the
shear plane angle, friction coefficient, and the material’s shear flow stress obtained
from the classical orthogonal cutting tests. When these parameters are not available,
or when the geometry of the cutting edge includes complex features such as chip
breaker or chamfer, Armarego and Whitfield [47] proposed a method to determine
the cutting and edge force coefficients based on the average forces that are measured
during a set of milling operations with various feedrates. Because the average forces
are used in this method, runout, measurement noise, and vibrations do not affect the
accuracy of the identified parameters. This identification method, however, requires
the measurement of milling forces in a large set of feedrates, and the resulting model
parameters are only applicable to the spindle speed and tool/workpiece combinations
that were used in the identification tests. Fu et al. [48] used a force model that
considers the normal and friction forces on the rake face, neglecting the edge forces,
and presented an identification method based on the average forces measured during
one milling test. Other researchers such as Gonzalo et al. [49], Grossi et al. [50], and
Riviere-Lorphevre and Filippi [51] used optimization methods to determine the cut-
ting and edge force coefficients from the instantaneous cutting forces, rather than the
average forces. Rubeo and Schmitz [52] presented a comparison of the performance of
the identification methods that are based on the average forces versus the ones that
are based on the instantaneous forces.

Mechanics of chip formation in CFRP machining strongly depends on fibre cut-
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ting angle — the angle between the fibre that is being cut and the direction of cutting
speed. Sheikh-Ahmad [1] summarized the failure mechanisms that lead to chip for-
mation in various fibre cutting angles to combinations of intralaminar delamination,
buckling, shear, and fracture. In milling, fibre cutting angle and consequently the
chip formation mechanics changes continuously as the tool rotates. Mechanistic force
modelling has been also used to address this variation in modelling CFRP milling
forces. Sheikh-Ahmad et al. [53] used multiple regression analysis and committee
neural network approximation to develop a mechanistic CFRP milling force model.
Su et al. [54] adopted the orthogonal cutting model of Merchant [55] to develop a set
of equations that relate the cutting and edge force coefficients in milling of woven-
CFRP layers to the instantaneous fibre cutting angle and the mechanical properties of
the fibres. Haiyan and Xuda [56] used a linear mechanistic force model with constant
coefficients to describe the forces in helical milling of Uni-Directional (UD) CFRP.
Although constant coefficients were used in the mechanistic model, they used an
empirically determined calibration constant to compensate for the variation of force
coefficients in continually varying fibre cutting angles. Karpat et al. [57] mechanis-
tically modelled CFRP milling forces by adopting the linear mechanistic force model
that is used in milling of metallic materials. In order to account for the variation of
chip formation mechanics in various tool rotation angles, they assumed that the edge
and cutting force coefficients are sinusoidal functions of fibre cutting angle. The con-
stant coefficients of the sinusoidal functions were determined using the least-squares
curve fitting of the milling forces measured using a rotary dynamometer. Experimen-
tal validations in the work of Karpat et al. [57] confirmed that this simple adaptation
of the linear mechanistic cutting force model leads to fairly accurate predictions of
CFRP milling forces. The identification method that Karpat et al. used utilizes
the instantaneous cutting forces, and is therefore biased due to the effect of runout,
vibrations, initial immersion angle, and noise.

In this chapter, similarly to the approach of Karpat et al. [57], an adaptation of
the linear mechanistic model is used for CFRP milling. The edge and cutting force
coefficients are, however, assumed to be periodic functions of fibre cutting angle.
The periodic functions are represented by their Fourier series expansions, and a new
method is introduced to identify the coefficients of the Fourier series from the average
forces measured in a set of UD-CFRP milling operations. Because average — and not
instantaneous — forces are used in the presented identification method, the estimated

coefficients are not affected by runout, vibrations, noise, and the initial immersion
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angle. After identifying the parameters of the linear mechanistic force model from
UD-CFRP milling operations, the force model is used to predict milling forces in
arbitrary Uni-Directional as well as Multi-Directional CFRP layups.

After describing the geometrical model of CFRP milling in the next section, the
linear mechanistic cutting force model is explained in Section 2.3. A new method for
the identification of the force model parameters is proposed in Section 2.4. Implemen-
tation of the proposed modelling approach is explained using the experimental study
presented in Section 2.5. This experimental study is also used to discuss the efficiency

of the model in predicting CFRP milling forces in arbitrary cutting conditions.

2.2 Geometrical Modelling

Yo

d=N,

Figure 2.1: (a) Feed, X, and normal, Y, directions; fibre cutting angle, (5, fibre
orientation of a Uni-Directional layer, #, and angular immersion angle ¢; tangential,
F, and radial F, force components. (b) Geometrical model of fibre cutting during
milling

Figure 2.1 shows the geometrical model of 2D milling of Fibre Reinforced Poly-
mers. The global coordinate system in part (a) of the figure, denoted XYy, is a
stationary coordinate system that is used to describe the resulting milling forces.
This coordinate system, for example, could be aligned with the X and Y axis of the
machine tool. The XY coordinate system is attached to the centre of the tool and its
X and Y axis are aligned with the feed and normal to feed directions, respectively.
Feed direction is assumed to be at ¢ angle with respect to Xy. The tool is assumed
to have N cutting edges indexed as j = 1..N. The uniform pitch angle between
consecutive flutes is ¢, = 2m/N. The instantaneous angular immersion of the j%

cutting flute is measured from Y-axis and is denoted ¢;(¢). Assuming that the first
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flute (j = 1) starts its motion from Y-axis, instantaneous immersion angle of each
flute is expressed in terms of the spindle rotational speed, 2 in rad/sec, and pitch
angle, ¢,:

65(t) = mod (1 + (j — 1)y, 2) (2.1)

where mod () stands for modulo operation. The cutting edges are engaged with
the workpiece when their immersion angle is between start(¢s) and exit(¢.) angles.
These angles depend on the tool diameter, D, and the radial immersion, b, as shown
in Figure 2.1(a). The thickness of the chip that is removed by each tooth depends on

feed per revolution per tooth, ¢, and immersion angle, ¢;:

h(¢;) = csin(¢;) (2.2)

The orientation of each fibre with respect to X is denoted . For Uni-Directional
(UD) layers, 6 is constant for all of the fibres, but in Multi-Directional (MD) layers 6
varies from one fibre to another. Fibre cutting angle, /3, is the angle between the fibre
that is being cut and cutting speed direction, i.e. the tangential direction, ¢t. The
tangential and radial directions at each flute are shown with ¢ and r, respectively. In
UD layers, the instantaneous fibre cutting angle can be expressed in terms of angular

immersion, ¢;(t), and fibre orientation, 6:

B(t) = mod (¢;(t) — v + 6, ) (2.3)

In this work, following the convention adopted by Karpat in [57], positive fibre
cutting angle is measured counter clockwise from negative cutting speed direction. In
some references, this angle is measured clockwise from positive cutting speed direc-
tion.

Cutting forces are usually simulated in discrete time domain where the duration
of the process is discretized into NV; time steps and the cutting forces are computed at
each discrete moment, ¢;,7 = 1../N;. In UD composites and a simple toolpath, the fibre
cutting angle at each simulation time step is obtained from Equation (2.3) as £(t;).
In MD composites or when a complex toolpath is used, graphical methods such as
the dexel-based method presented in [8] can be used to determine fibre cutting angle
at each time step. In dexel-based methods, each fibre is represented by a dexel, as
shown in Figure 2.1(b). In this figure, fibres are indexed as d = 1,2,..., Ny, where

Ny is the total number of fibres in the model. At each simulation time step, the
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intersection of dexels with the circular envelope of the milling tool are computed and
used to obtain the length and angle of the fibres being cut. For example, in Figure
2.1(b), the intersections of the dexels (i.e. fibres) with the tool at t; are obtained as
P, 4, and the intersection points in the following time step, ¢;;, are obtained as P 4,
where d = 1,2, ... are the indices of the fibres (dexels) in the graphical model. The

length of the fibres being cut at the i' time step, l; 4 , are computed as:
lig = |Piy1a— Pial;d=1,2,..., Ny (2.4)

Fibre cutting angle at t; is obtained with respect to the instantaneous cutting

speed direction and the orientations of the fibres being cut:

{ Bia = (") + cos™! (ny.nz) Clockwise rotation 2.5)

Bia = (T/y) — cos™" (ny.ny) CounterClockwise rotation

where n; and ny are normal vectors in the fibre and radial directions, respectively:

(Piy1a—Pia)  (Poa—P)

= 7n_ 26
|Pi1a— Pl > |Pa— P (2:6)

ni

2.3 Mechanistic Cutting Force ModelS

Because axial forces are usually minimized in CFRP milling (to avoid delamination),
only lateral forces are considered in this study, although the extension to consider
axial forces is trivial. The cutting forces applied in radial and tangential directions on
each flute are expressed as linear functions of the instantaneous uncut chip thickness,
h(o;):
fij = Kee(B)ah(¢;) + Kie(B)a;
fri = Kre(B)ah(;) + Kre(B)a

where a is the axial depth of cut, K;. and K,. are cutting force coefficients in tangen-

(2.7)

tial and radial directions, and K, and K,. are edge force coefficients. Mechanics of
chip formation strongly depends on the fibre cutting angle, which changes at various
immersion angles, as described in Section 2.2. To account for the variation of chip
formation mechanics at various fibre cutting angles, the cutting and edge force coeffi-
cients are assumed to be functions of the fibre cutting angle, 5. Because fibre cutting

angle varies between zero and 7, cutting and edge force coefficients are also assumed
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to be periodic with the fundamental period of m. As a result of this assumption,

cutting and edge force coefficients are expressed as the following Fourier series:
M
Kpo(B) = > CPcos(2if) + SPsin(2iB) ,p=t,r; qg=c,e (2.8)
i=0

In Section 2.4, an experimental method is proposed to determine the Fourier
coefficients of the cutting and edge force coefficients, C?* and S¥?.

The overall forces applied on the tool are obtained by projecting the radial and
tangential forces from each flute onto the global Xy and Y, directions, and then

summing the forces from all of the flues:

me _ g N N\ ftj<¢J)
{ fo }_Taz ;9(@)% { £9(65) }
—cos(¢;) —sin(g;)) ] e [cos( ) —sin(v)
)|

T __

(2.9)
sin(¢;)  — cos(¢; sin(¢) COSW’)]

where g(¢;) is a Heaviside function that determines whether if the cutting edge is

engaged with the workpiece or not:

9(¢;) = H(¢; — ¢s) — H(¢; — de) (2.10)

2.4 Identification of Force Model Parameters

As shown in Equation (2.9), milling forces vary periodically with the fundamental
period being 27/QN. The constant term in the Fourier expansion of the periodic
forces (i.e. their average value) is obtained by integrating Equation (2.9) over one

fundamental period:

. 2m/QN o (o e ) Se(D5)
f= (2“); Of Tiog(ey)T; { £1(6)) }dt (2.11)
?: [ focO 72/0 ]T;

where the superscript T stands for transpose of a matrix, and f,o and fyo are the
average forces in Xy and Yj directions. For UD composites, assuming that the feed
direction (1)) is constant, by substituting 777° and 7} from Equation (2.9) and f;j(¢,)
and f,j(¢;) from Equation (2.7) in Equation (2.11), the average forces in X, and Y
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directions are obtained as linear functions of the feedrate, c:
f=cb(v,0);

] ;b (0,9) = [ az by ay by ]T (2.12)

where coefficients a,, a,, b,, and b, are linear functions of the Fourier coefficients of
Kie(B8), Kre(B), Kie(B),and K,.c(B):

b(0,4)=a(b,v) K
T
K:|:Ktc Kte Krc Kre] (213)
T
Ky = | Ch* O S OBt B0 S| p=trig=ce

Vector K contains the Fourier coefficients in Equation (2.8), and a(6,1) is a 4 x
(4 x (2M + 1)) matrix that depends on the fibre orientation angle, 6, and the feed
direction, 1. Components of a (,1)) for M = 1 are given in Appendix A.

The process of identifying the cutting force coefficients involves two steps that are
explained below.

Step 1- Let us assume that the cutting forces are measured in X, and Yj directions
while milling a UD composite along a straight line at v angle with respect to X,. If
such measurements are repeated using a set of feedrates (¢;,7 = 1..n > 2) and the the
average of the cutting forces in each test are computed numerically as f;, i = 1..n, an

over-determined set of equations can be obtained from Equation (2.12) as follows:

F=Cb(,0);C=| : [;F=] : (2.14)

where ¢; are the ¢ matrix at ¢;. The least squares approximation of b (1, ) is obtained

using the pseudo-inverse of the matrix of feedrates, C:
b (¢,0) = CtF (2.15)

where + superscript stands for Moore-Penrose inverse:

1

Cct=(c'c) c” (2.16)
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Step 2- Step 1 is repeated for a set of fibre orientation angles, #;,i = 1..m > 2M + 1,
to obtain b (v, 6;) at each orientation. Subsequently, the following over-determined

system of equations is constructed by writing Equation (2.13) for each fibre orienta-

tion:
B=AK
b (61,) a(0uv) (2.17)
B= : A= :
b(@m’¢) a(emaw)

The Fourier coefficients of Ki.(3), K,o(8), Ki(B),and K,.(3) are estimated by the

least squares approximation of the solution of Equation (2.17):
K=A'B (2.18)

The implementation of the proposed identification method is explained using an ex-
perimental study presented in the next section. The experiments are also used to

study the performance of the identified model in predicting CFRP milling forces.

2.5 Experimental Results

A 2-flute Tungsten Carbide end mill with 9.525 mm (3/8 inch) diameter and 3°
rake angle is used to mill a layup of UD CFRP plies with 0.8mm thickness (of each
layer) and alternating 0 and 90 degrees directions. The experimental setup is shown
in Figure 2.2. The experiments were conducted on a 3-Axis vertical CNC machine.
Cutting forces were measured by a Kistler 9255 table dynamometer, and the measured
signals were conditioned and amplified using a 5010B Kistler amplifier. A N19234 data
acquisition card was used to digitize the force signals at 25.6 KHz sampling rate.
Cutpro application [58] was used to store and process the measured force signals.

In all of the experiments, axial depth of cut is kept constant at (a« = 0.8mm
to ensure that only one UD ply is being cut. The spindle speed (Q2) is also kept
constant at 5000 rev/min. Half-immersion up-milling (¢s = 0,¢. = 7/2), down-
milling (¢s = 7/2, ¢, = 7), and full immersion (¢; = 0, ¢, = ) cuts are performed
at six different fibre orientations (m = 6), § =0°, 30°, 60°, 90°, 120°, and 150°. At
each fibre orientation, feed and normal cutting forces are measured at five different
feedrates (n = 5), ¢ = 0.02,0.04,0.06,0.08, and 0.1 mm/rev/flute. In each test,

the feed direction () was chosen according to the orientation of the ply being cut
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workpiece '
|
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—————————————————————————————————————————————————————— A
Data Acquisition Charge Amplifier Dynamometer \
(DAQ) device Kistler 5010A Kistler 92578 |

= - /

Figure 2.2: Test setup

(0 or 90 degrees) to create the targeted fibre orientation angle 6. Nevertheless, the
measured forces in the two in-plane directions of the dynamometer (i.e. X, and
Yy) were projected in the respective feed (X) and normal (V') directions and thus
1 = 0 is used in the analysis presented in this section. The generated axial forces
depend on the fibre orientation in each test, but they are generally much smaller
than the resultant side (lateral) forces. For example, the resultant side forces and
the corresponding axial forces in two of the conducted tests are shown in Figure
2.3. Regardless, because axial forces are uncoupled from the forces in tangential and
radial direction, they do not affect the identification of tangential and radial force
coefficients. Since downmilling resulted in a better surface finish and a fewer fibre
pullouts, the measured downmilling forces are used for the identification of force model
parameters; the measured upmilling and full-immersion forces are used for verifying
the accuracy of the identified model in predicting CFRP milling forces.

Fourier expansions of the cutting force coefficients (Equation ( 2.8)) are trun-
cated at the first harmonic term (M = 1), leading to 12 unknown model parameters
that need to be determined (CH?, CT?, S1%;p = t,7;9 = ¢, e). The two-step algorithm
presented in Section 2.4 is used to identify these 12 parameters from the feed and nor-
mal forces measured during the thirty (5 feedratesx 6 fibre orientations) downmilling

tests. In what follows, the results of each step of identification are presented.
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Figure 2.3: Resultant side forces and axial forces measured at 0.06 mm/tooth feedrate,
2000 rev/min spindle speed, half-immersion downmilling with 0.8mm axial depth of
cut and left 6 = 30°(left) and # = 150°(right) fibre orientations.

Step 1- Figure 2.4 shows the average of the measured forces in X and Y directions
(fs = fz0 and f, = f,0, because ¢p = 0) at the n = 5 tested feedrates in each of
the m = 6 fibre orientations. This figure also shows the least squares approximation
(Equation (2.15)) of the linear relationship between the average forces and feedrate
as described in Equation (2.12).

If CFRP is treated as an isotropic material in each of the tested m = 6 fibre orien-
tations, the resulting slope (a, and a,) and intercepts (b, and b, ) of the approximated
lines can be used to obtain the equivalent isotropic cutting (K. and K¢,) and edge
(K. and K¢,) force coeflicients. The relationships for half-immersion, downmilling,

are as follows [43]:

dr(2az+may) |

e — e _ —4m(~20y+mar)
Rie = —awrn o Bre = oo (2.19)
KtBe: Qﬁ_a(by"‘bm)> K:e: _% (ba:_by)

Figure 2.5 shows the equivalent cutting and edge force coefficients that are ob-
tained for each of the tested fibre orientations. As expected, both the tangential and
radial force coefficients strongly depend on the fibre orientation. Edge force coeffi-
cients in some of the fibre orientations are negative, which is physically infeasible.
This error is partly associated with the fact that a linear relationship is assumed be-

tween chip thickness and the resulting forces (Equation (2.7)). While this assumption
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Figure 2.4: Average measured cutting forces in half-immersion, Downmilling, tests in
various fibre orientations, ¢. Average of the force in feed direction is f, and in normal
direction is f,. Axial depth of cut @ = 0.8 mm, and spindle speed € = 5000 rev/min

may be reasonable in a certain range of fibre cutting angles, machining forces exhibit

strong nonlinearities with respect to the chip thickness in other fibre orientations [1].

For example, as shown in Figure 2.4(a), the average feed forces (f,) are negligible
when fibres are parallel to the feed direction (§ = 0), and they vary nonlinearly with

respect to feedrate. The negative edge force coefficients may also be attributed to the
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Figure 2.5: Equivalent Cutting Force Coeflicients in half-immersion Downmilling
tests. (a) using standard least squares, Equation (2.15), and (b) using weighted
least squares, Equation (2.20)

errors in the computation of the average forces. Average forces during one cut may
vary considerably due to disturbances caused by material inhomogeneity or pulled out
and uncut fibres. In order to study the variation of the average forces during each
test, the total length of the measured forces during one test is divided into twenty
equal segments and the average of the forces in each segment is computed numerically.
The error bar on each of the points shown in Figure 2.4 represents the variance of the
twenty force averages. As shown in this figure, in some of the tests, the average of
the forces change substantially during the experiment due to excessive fibre pullouts
or inconsistencies in the material. In order to reduce the effect of the tests with high
average force variation, Weighted Least Squares Approximation [59] is used instead

of the standard least squares in Equation (2.15):
b (¢,0) = CIF, (2.20)

where C,, and F, are weighted regression matrix and average force vector, respec-
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tively:
C,=WC, F,=WF (2.21)

The weighting matrix,W, is defined as the diagonal matrix containing the inverse

squared variance of the average measured forces at each tested feedrate:

W = diag (1/0'517 1/(7517 T 1/0'32ma 1/0'jn) (2'22)

where o,, and oy, i = 1..n, are respectively the variance of the average forces mea-
sured in X and Y directions at the feedrate c¢;.
Figure 2.5(b) shows the equivalent cutting and edge force coefficients when weighted
least squares is used to approximate the slope and intercepts of the line in Equation
(2.15). Compared to Figure 2.5(a), when weighted least squares approximation is
used, the trend of variation of cutting and edge force coefficients remain similar but
the magnitudes of edge force coefficients are all positive. Nonetheless, considering
the substantial variation of the equivalent force coefficients by fibre orientation (),
no single set of constant coefficients is suitable for computing the milling forces in
arbitrary fibre orientations and cutting conditions

Step 2- In the second step of identification, the estimated values of b (¢, 0) at 6 =
0°,30°,60°,90°,120°, and 150° are used in Equation (2.18) to approximate the Fourier
coefficients of Ky.(5), K.(8), Kie(B),and K,.(f). The resulting Fourier coefficients,
shown in Table 2.1, are used in Equation (2.8) to describe the variation of the cutting
force coefficients when the fibre cutting angle () varies between 0 and ; the result-
ing functions are shown in Figure 2.6. Unlike the constant equivalent cutting and
edge force coefficients shown in Figure 2.5, because the identified sinusoidal functions
are independent of the fibre orientation (3), they can be used to compute forces in

arbitrary fibre orientation and cutting conditions.

Table 2.1: Fourier coefficients of Ki.(3), Kye(B), Kie(5),and K,.(f)

Fourier Coefficients
Co Ch St
Ky.(8)[M Pal 641.5 | -296.5 | -235.1
Ki(B)[N/mm] | 4.7 -9.6 6.4
K,.(8)[M Pal 4759 | -131.1 | -275.2
K,e(B)[N/mm] | 9.6 8.7 7.5

Force Coeflicients

In order to verify the accuracy of the identified force model in predicting forces in



34

25 T T T 1100
1000
900
T & 800
£ =
z 2 L
= c 700
S S
3 £ 600
5 8
8 @ 500
o
[0} =
(8] o
<] L 400
= (o))
o £
g £ \
g 3 300
200
100 [
10 L L L 0 L L L
0 50 100 150 0 50 100 150
fibre cutting angle S [degree] fibre cutting angle (5 [degree]

Figure 2.6: Identified functions describing cutting (K., K,.) and edge force (K, K .)
coefficients

arbitrary milling operations, the periodic cutting force coefficients shown in Figure
2.6 are used in the mechanistic force model described in Section 3.5 to simulate the
cutting forces in half-immersion downmilling, upmilling, and full-immersion cuts at
¢ = 0.06 mm/rev/tooth, Q = 5000 rev/min, and a = 0.8mm. The resulting simulated
and measured milling forces when fibre orientations are # = 30,90, and 150 degrees
are shown in Figure 2.7.

Because the downmilling forces shown in Figure 2.7(a-c) are among the forces used
for the identification the force model, the comparison of the measured and simulated
forces in parts (a) to (c) of this figure only verifies the accuracy of the two-step
least squares curve fitting process presented in Section 2.4. The upmilling and full-
immersion forces shown in parts (d) to (i) of Figure 2.7 were not used in identification
and therefore the comparison of the measured and simulated forces in those cases are
used to verify the accuracy of the identified force model to predict forces in arbitrary
milling operations.

As shown in Figure 2.7, the simulated forces agree well with the measured ones,
although force underestimation is also visible in some cases— for example, in the tests
shown in parts (a) and (f).

Figure 2.8 shows the variation of the fibre cutting angle and chip thickness during a

half tool revolution cycle (0° < ¢ < 180°) in the half-immersion downmilling test with
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Figure 2.7: Simulated and measured forces in UD CFRP milling tests. Simulated
forces are shown in red solid line, and the measured forces in blue dashed line
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Figure 2.8: Variation of the fibre cutting angle, 3, and chip thickness during the
half-immersion downmilling test at # = 30° (right) and half-immersion upmilling test
at 0 = 150° (left).

6 = 30° (shown in Figure 2.7(a)) and half-immersion upmilling test with § = 150°
(shown in Figure 2.7(f)). As shown in this figure, in both of the tests, fibre cutting
angle reaches f = 180°(i.e. 5 = 0°) at the highlighted rotation angles. Similar
changes in fibre cutting angle and consequently underestimation of forces is observed
in the downmilling test with § = 60° and upmilling test with § = 120°. Force
underestimation in these cases might be explained due to the fundamentally different
chip formation mechanics in the vicinity of zero degrees fibre cutting angle. As
discussed in detail by Sheikh-Ahmad in [1], chip formation in zero degrees is initiated
by buckling (if rake angle is negative) or Mode I fracture at the interface between fibres
and matrix (if rake angle is positive), followed by bending and eventually fracture of
fibres.

by compression-induced fibre shearing (when 6 > 90°) or by delamination caused

In fibre cutting angles away from zero degrees, chip formation is initiated

by severe fibre bending (when 6 > 90°). After initiation, chip continues to form by

intralaminar shearing between fibre and matrix. Intralaminar shearing between fibre
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and matrix is similar in shape to chip formation along the shear plane in ductile metals
and thus the adaptation of the mechanistic cutting force model in Equation (2.7 leads
to proper prediction of forces. Fibre fracture in zero degrees cutting is fundamentally
different in mechanics and therefore the applied mechanistic force model may not be

able to capture the variation of forces.

(a) Half Inmersion Downmilling
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Figure 2.9: Simulated (red solid line) and measured(blue dashed line) forces in MD
CFRP milling tests. Layup of plies 150/60/150° and the thickness of each layer is
0.8mm. Spindle speed, 2 = 5000 rev/min and feedrate is ¢ = 0.06mm/rev/tooth for
a two-fluted endmill.

The identified force model is also used to simulate milling forces when multiple
plies with various fibre orientations are cut simultaneously. Figure 2.9 shows the
measured and simulated forces when a layup of three 0.8 mm-thick plies with 8 =
150/60/150° fibre orientations are cut. Part (a) of the figure shows the forces in
a half-Immersion downmilling experiment and part (b) shows the forces in a full-
immersion test. Because the Kistler 9255 dynamometer (used in UD-CFRP tests)
was no longer available at the time of performing MD-CFRP tests, a Kistler 9256C1
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dynamometer was used to measure the forces. Milling forces in both tests were
simulated by computing the contribution of each layer to the overall feed (F,) and
normal (F),) forces. Except for the feed forces in downmilling, all of the simulated
forces are in good agreement with the measured ones. Additional feed forces before
the tool exits from the cut in downmilling (i.e. ¢ = 180°) are observed in Figure 2.9
(a). Similar to Figure 2.7(a) and (f), these additional forces could be associated with

the mechanics of chip formation at fibres fibre cutting angle near zero degrees.

2.6 Conclusions

A mechanistic CFRP milling force model that considers the variation of the chip
formation mechanics in various fibre cutting angles was presented. The cutting force
coefficients are assumed to be periodic functions of fibre cutting angle. A new method
was presented to identify the periodic cutting force coefficients based on the average
milling forces measured during milling UD composite layers. The accuracy of the
presented model and the identification approach were verified by comparing the sim-
ulated milling forces against the measured ones. Simulations also included milling
of Multi-Direction CFRP layups. The verification tests showed that the presented
modelling approach can predict the forces fairly accurately, but discrepancies be-
tween measured and predicted forces are observed when zero fibre cutting angles are
encountered.

The presented method provides a practical approach for calibrating mechanistic
cutting force models in various combinations of tools and composite materials; how-
ever, unavoidable characteristics of CFRP milling processes such as excessive tool
wear, fibre pull-out, and fibre peeling will influence the accuracy of the presented
model. Studying the linkage between the variation of the cutting force coefficients
and the physics of chip formation at different fibre cutting angles may provide a better

understanding of the mechanics of process.
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Chapter 3

Online Identification of
Mechanistic Milling Force Models
in Milling Metallic Materials

This chapter has been published in the journal of Mechanical Systems and Signal
Processing, Volume 149, 15 February 2021, 107318 *

3.1 Introduction

Computing milling forces based on process parameters is a critical requirement in
designing optimal machining operations. Analytical, numerical, empirical, and mech-
anistic models are usually used to compute the forces generated in various machining
operations [60, 61]. Such models are also integrated into computer simulations of the
machining process, known as virtual machining systems, where the process is simu-
lated and optimized in a computer environment before implementing it on a physical
machine tool [62]. Except in machining operations with a basic cutting edge geom-
etry, the parameters of cutting force models must be calibrated based on the forces
measured during the process. The calibration process usually involves measuring
the forces under various machining conditions (e.g. feedrates and spindle speeds),
and then identify the model parameters using offline methods. Machining forces can
be measured directly using commercial piezoelectric dynamometers or force sensors

integrated in the structure of the machine tools [63]. They can also be estimated

thttps://doi.org/10.1016 /j.ymssp.2020.107318
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indirectly from vibration [64, 65], or motor current measurements [66]. In addition
to being costly and time-consuming, offline calibration does not provide any infor-
mation about the evolution of the model parameters during machining. Force model
parameters are strongly linked to the mechanics of chip formation, which evolves dur-
ing the process due to various reasons such as tool wear or buildup edge formation.
Because of this linkage, online identification of the force model parameters can be
advantageous for process monitoring, where changes in force model parameters can
be correlated to changes in process mechanics.

Analytical machining force models employ fundamental theories of chip forma-
tion mechanics to establish equations that relate the cutting forces to the machining
parameters (e.g. feedrate) and the workpiece material’s mechanical properties (e.g.
shear strength, friction). The early work of Merchant [67], followed by the work of
Lee and Shaffer [68] and Palmer and Oxley [69], and the mathematical foundations
of slip-line models presented by Hill [70] are considered the basis for most of the
analytical models that were developed later. Numerical methods such as Finite El-
ement Analysis are also used to model machining forces, especially when complex
material models, temperature dependent parameters, or micro-mechanics of the pro-
cess are considered in modelling. Extensive reviews of the analytical and numerical
force models are available in [71, 72]. In empirical modelling, the effects of machining
parameters such as feedrate, depth of cut, and cutting speed are associated with the
experimentally measured average forces by means of empirical equations [73, 74, 75].
Unlike analytical or numerical models, empirical modelling can be applied in ma-
chining processes with a complex tool geometry, workpiece material, and tool and
workpiece engagement conditions. However, empirical equations serve as predictive
models only and do not necessary represent the true mechanics of the process. Mech-
anistic models combine the physics-based nature of analytical and numerical models
with the adaptability of empirical models by calibrating the parameters of physics-
based models based on empirically measured cutting forces [76, 77, 78, 79]. As a
result, the force model can be applied for complex cutting conditions, and at the
same time, the parameters of the model are related to the mechanics of the process.

In linear mechanistic models, machining forces are formulated as linear functions
of uncut chip thickness [79, 76, 77]. The constant coefficients of the linear model,
usually referred to as Specific Force Coefficients (SFC), depend on the characteristics
of the shearing action on the shear plane, friction on the rake face of the cutting edge,

and the ploughing action under its flank face. Owing to their accuracy in predicting
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the forces in a wide range of machining parameters, tool geometries, and workpiece
materials, linear mechanistic force models are widely used to simulate forces in milling
operations as well. Budak and Armarego [45] presented analytical equations that re-
late the SFC in general machining operations to the shear angle, friction coefficient,
and shear flow stress of the material, which are determined empirically from stan-
dard orthogonal cutting tests [80]. This approach is also used to determine the SFC
in milling operations, but when the orthogonal test parameters are not available or
when the cutting edge has a complex geometry (e.g. chamfer, chip breaker), SFC are
identified directly from the forces measured during the milling operation. Two differ-
ent approaches can be used to identify (calibrate) the SFC [81] in milling. In the first
approach [80], SFC are determined by performing a linear regression of the average
forces measured at a set of different feedrates. This method requires measuring the
milling forces (e.g. using force dynamometers) under various feed per tooth values,
but because the average (and not instantaneous) forces are used, tool runout and
vibrations do not affect the identified coefficients. In the second approach [49, 82],
optimization methods are used to identify the SFC from instantaneous forces mea-
sured during the milling process. The coefficients in this approach can be identified
from the forces measured under one feedrate only, but they are affected by tool runout
and vibrations. In both of the approaches, SFC are identified offline, and they are
applicable only for the specific tool geometry and range of cutting speeds, feedrates,
and depth of cuts that were used in calibration tests.

Online monitoring of machining forces is an effective method for tool condition
monitoring [83], however, in addition to tool wear and breakage, machining forces are
also affected by changes in cutter-workpiece engagement and machining parameters.
Therefore, tool condition monitoring using the force signal requires a complex use
of Virtual Machining Systems [84] or signal processing methods [83] to remove the
effect of cutter-workpiece engagement and machining parameters. Specific Force Co-
efficients, on the other hand, are mainly affected by the mechanics of chip formation
only. As a result, SFC provide more sensitive measures for tool condition monitor-
ing. For instance, Lin and Yang [85], and later, Choudhury and Rath [86] used the
relationship between flank wear and the average SFC to estimate the extent of tool
wear in milling processes. In their work, SFC were estimated by offline processing
of the average cutting forces. More recently, Nuori et al. [87] implemented a simi-
lar approach in constant intervals along the toolpath to monitor the variation of the

SCF during the milling operation. This online scheme to monitor SFC led to the
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successful monitoring of tool wear during the process. These studies verify that SCF
are strongly affected by tool wear. As a result, in addition to their application in
mechanistic force models, SFC can be used for tool condition monitoring as well.

Milling forces can be monitored directly during the milling process (e.g. using force
dynamometers), but indirect observation methods need to be developed to monitor
SFC online. In this work, three model-based methods [88] for monitoring SFC are
proposed. In the first method, SFC are treated as the constant parameters of a
deterministic linear force model, and Recursive Least Squares (RLS) algorithm is used
to estimate them from measured forces. In the second method, SFC are modelled as
constant stochastic processes, and a Kalman Filter (KF) state-observer is designed to
estimate them from measured forces. This method involves a two-stage identification
procedure, but the dynamics of SFC variation is described by a linear state space-
model which can be observed by standard Kalman Filters. The third proposed method
is similar to the second method (based on KF observers), but the identification is
performed in a single step. This advantage is gained at the expense of using nonlinear
state-space models, and SFC are observed using an Extended Kalman Filter (EKF).
The implementation of the proposed methods is explained by providing experimental
and numerical case studies. The presented experiments verify that the proposed
methods can be used to estimate the SFC online and subsequently use them for tool
condition monitoring. Another application of the proposed SFC observation methods
is in-situ calibration of Virtual Machining Systems, which is essential for using those
systems as the digital twin of the process [84].

The linear mechanistic milling force model is explained in the next section, fol-
lowed by presenting three online methods to identify the parameters of the model
in Section 3.3. A set of numerical case studies are presented in Section 3.4 to study
the consistency and convergence of the presented identification methods. In Section
3.5, the implementation of the proposed methods is demonstrated by presenting an

experimental study:.

3.2 Mechanistic Force Model

Geometry of tool and workpiece engagement in 2-D end-milling operations, Figure
3.1(b). The diameter of the cylindrical tool is denoted D and the radial depth of
cut b. The tool moves in X direction at the constant feedrate of ¢ mm/tooth while

the spindle rotates clockwise at 2 rad/sec. The N flutes of the endmill are indexed
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Figure 3.1: (a) Geometry of milling process; (b) Tool radial runout parameters and
trochoidal trajectory; (c) Interaction of the cutting tool and workpiece material on
the rake and flank faces of the cutting edge

j = 1..N, and the instantaneous immersion angle of the j** tool measured from the
normal to feed axis, Y, is denoted ¢;, as shown in Figure 3.1(a). The instantaneous
immersion angle of each tooth is determined by the spindle rotation speed and the

angular immersion of the first tooth at t = 0, which is denoted ¢g:

27(j — 1)

o9 =1,...,.N 3.1
N +¢07 J PRERE) ( )

¢; =t —

The initial immersion angle, ¢q, is usually unknown and its estimation based on the
measured forces will be discussed in Section 4.4. The overall machining forces applied
on each tooth is decomposed into the radial component, F;, and tangential compo-
nent, Fy;, as shown in Figure 3.1(a). In linear mechanistic models of machining forces,

each of these components are assumed to be linear functions of the instantaneous chip
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thickness [80]:
th = Ktch(¢])a + Kte.a

(3.2)
Frj = Krc.h(qﬁj).a + Kre.a

where a is the axial depth of cut and h(¢;) is uncut chip thickness. The highlighted
area in Figure 3.1(a) shows the variation of chip thickness when the eccentricity of the
tool rotation centre (Og) and its geometric centre (O), i.e. radial runout, is negligible
and feed speed is much lower than cutting speed. Th chip thickness in this situation

is determined based on feed per tooth and instantaneous immersion angle, as follows:

h(¢;) = csing; (3.3)

In practice, as shown in Figure 3.1(b), tool runout and the actual trochoidal trajectory
of the cutting tooth alter the chip thickness, and neglecting their effect can cause bias
error in modelling. To avoid this error, the following chip thickness model, presented

in [89, 90], which considers the trochoidal trajectory and radial runout is used:

h(¢;) = qi.sin ¢; + qo. sin ¢ cos ¢; + qg.c082¢j + qu (3.4)

where ¢;,7 = 1..4 are constants depending on feedrate per tooth, ¢ [mm/tooth], and
radial (Rp) and angular () offset of tool rotation centre, Og, from its geometric

centre, O, as shown in Figure 3.1(b):

o

@ =c(1+ (_1)j% siny); G = 2

. 3.5
43 = 5% qu = —2(—1)’ Ry cos~y (35)

The constant coefficients of the linear mechanistic model in Equation (3.2), K,
K,e,Kie, and K., will be referred to as the Specific Force Coefficients (SFC). The
cutting force coefficients, (K. and K,.), are associated with the shearing action on
the shear plane and friction forces on the rake face of the cutting edge. The edge
force coefficient, K;. and K,., are related to the ploughing action under the flank
(clearance) face of the cutting edge [80]. The estimation of these coefficients from the
forces measured during milling operations is the principal subject of this chapter.
The overall machining forces in feed direction, Fy, and normal direction, Fy, are
obtained by projecting the radial and tangential forces in the feed and normal direc-

tions and then summing the contributions from each of the flutes that are engaged in
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the cut, as follows:

where [TtX ] is the rotation matrix that maps the forces from tangential and radial
directions to the feed and normal directions. The engagement of each flute with
the cut is determined by the Heaviside function, g(¢,), which is nonzero only if the
corresponding immersion angle is between the start and exit angles, ¢ and ¢,

shown in Figure 3.1:

g((bj) = H(¢J - (bst) - H(¢J - ¢ex); ] =1.N (37)

where H(¢;) is unit step function. The start and exit angles are determined by the

radial depth of cut b, tool diameter, D, and the milling mode:

{ b =0 and ¢, = cost ( — %’) upmilling (3.8)

gt =T — cos™ ! (1 — %)) and ¢, =7 downmilling

3.3 Identification of Specific Force Coefficients (SFC)

In this section, the average force method [80], which is commonly used to identify
SFC, is discussed first. Then, three new methods to identify SFC are introduced.
These methods include Recursive Least Squares (RLS), Kalman Filter (KF), and
Extended Kalman Filter (EKF) methods.

3.3.1 Average-force method

The milling forces resulting from Equation (3.6) are periodic at tooth passing period,

2 /NS Average values of the periodic forces (i.e. the first term in their Fourier
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expansion) are obtained by integrating Equation (3.6) over one principal period:

N 2w /NQ

ﬂm:{iﬁ}zgg /gw»mﬂ{ﬁi}u 39

Jj=1 0

Tool runout does not contribute to the average values of the forces and therefore it
can be neglected in Equation (3.9). Additionally, assuming that the feed speed is
much slower than cutting speed, the trochoidal tool trajectory can be approximated
by a circular motion at each tooth passing period. As a result, the simplified model
in Equation (3.3) can be used to describe chip thickness variation. Substituting this
chip model in Equation (3.2), and subsequently substituting the resulting tangential
and radial forces in Equation (3.9) leads to the following equation of the average feed

and normal forces, Fxo and Fy, respectively:

Fxo = agi1¢c+ as0;

Fyo = ayic + ayp;

ap1 = {58 [Kio cos 26 — Koo (20 — sin29)]} 7 (3.10)
(g0 = {52 [~ Kiesin ¢ + K, cos ¢]}¢Z : :
ay1 = {52 [Ki (2¢ — sin 2¢) + K, cos 2¢]}¢: :

ayo = {52 [Kie cos ¢ + K. Sinﬂﬂ}dz :

According to Equation (3.10), the average feed and normal forces are linear func-
tions of feedrate, ¢, and the slopes (a,1 and a,;) and intercepts (a0 and ay) of the
linear functions are directly related to SFC. Suppose the average forces, ﬁo(cl-) =
[Exo(ci), Fyo(c;)]T, are measured at ¢;,i = 1..N, different feedrates. Note that T is
used to denote measured quantities in this paper. According to Equation (3.10), the
average forces are linear functions of feedrate, therefore the average of the measured

forces can be described using the following matrix equation:

{Fo(e)} = B(e){a}si=1.N, (3.11)

T

; 1 0 0
¢ ] and {a} = [am Azo  Qy1 Qyo (3.12)

00021



A7

The constant coefficients, a,; and a,; are the slopes of the linear equations and a,o and
ayo are the corresponding intercepts. These constants are estimated by the following
Least Squares Estimation (LSE):

(@ = 18] [Ae]” [Roen]” -
[B] = [ b(e1)]” [b(en.)]" ]T; (3.13)

where the T superscript stands for the transpose of a matrix and {a} is the least
squares estimation of {a}. The four SFC are obtained by solving the four linear

equations relating them to the components of {a}, as shown in Equation (3.13).

3.3.2 Recursive least squares (RLS) method

In this method, instantaneous feed and normal forces are used in Recursive Least
Squares (RLS) algorithm to estimate the SFC. Because instantaneous forces are used—
and not their time-averages— neglecting the effect of tool run out and its trochoidal
trajectory will cause a considerable bias error in estimation. To avoid this error,
the complete chip thickness model described in Equation (3.4) is substituted in the
equation of overall feed and normal forces in Equation (3.6), and the resulting equa-
tion is rearranged to the following form to express the instantaneous forces as linear
functions of SFC:

{F (1)} = [Al, po)[{K} (3.14)

T
where {K} = [ Ky Ko K Ko } , and [A(t, ¢o)] is a 2 x 4 matrix depending

on time and the initial immersion angle of the first flute, ¢y:

All A12 A13 A14

Ao, 1)) =
A= A A Aw

; (3.15)

where the elements of matrix [A(t, ¢o)| are represented as follows:
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N
Ay = Ay =—a3" g(¢;) (q15n ¢j cos @; + qo 8in ¢;cos?p; + g3cos®d; + g4 cos @)
j=1

N
A =—As =—a ) g(¢)) (qlsin2¢j + qgsin2¢j cos ¢; + q3c0s?¢; sin ¢; + g4 sin ¢j)
=1

N
A=Ay =—-ad g (ij) COS @
j=1

N
A14 = —A23 = —a Zlg (¢]) sin qu
’ (3.16)

Because cutting forces are usually measured at discrete time instants, Equation (3.14)

is more useful when expressed in discrete-time domain with constant sampling time

of At:
{Fi} = [Ar(po) [ { K} (3.17)

where {F}.} = {F(kAt)} and [Ax(po)] = [A(kAL, ¢o)]. In the presented RLS algo-
rithm, a two-step solution is used to estimate the vector of SFC, { K}, from measured
forces, {Fk}

The goal in Step 1 is to determine the unknown initial immersion angle, ¢y. For
this, Equation (3.17) is repeated at all of the time steps within the first few tool

revolutions to construct an over-determined system of linear equations.

{7} (As(60)]
{Ph=1a@oliKy:  {F}=4 1 b [Al) = : (3.18)
{Fv} [Ax (o)

In this work, the time steps within the first six tool revolutions were used to
construct such system of equations. Subsequently, the least squares estimation of
{K} is obtained from the constructed system of equations, however, the approximated

coefficients and the corresponding residue (LSE error) depends on ¢y:

(90) = (Ao (@) {F} = {F}| (3.19)

where €(¢g) is the LSE error (i.e. residue) when the initial immersion is assumed
¢o. Any value of 0 < ¢y < 27 that leads to the smallest LSE error is chosen as the

optimum ¢q, which is then used in the second step of the RLS estimation algorithm.



49

In practice, this step has to be repeated automatically every time the spindle rotation
(re)starts. The computation time to complete this step depends on the number of
samples used (i.e. N in Equation (3.18)) and the number of ¢, values at which the
LSE error is obtained. In this work, the error was obtained for 1800 different values
of equally spaced between 0 and 7 (i.e. 0.1°increments). The computation time varies
based on the processing speed of the computer and the algorithms used to determine
the LSE, but it is typically below one second, which is not considerable when the
algorithm is used to monitor long operations.

In step 2, the RLS algorithm is used to recursively update the estimation of SFC
based on the forces measured at each time step. A Multi-Output RLS algorithm with
forgetting factor is applied to determine the unknown { K} from the linear equations
in Equation (3.17). The estimation of SFC at each time step is updated based on its

estimation in the preceding time step as follows:
(£} = { Ky} + 1P (AT N e} (3.20)

where {f(k} stands for the estimation of SFC at the k' time step, [F}] is the co-
variance matrix of estimation error, [\] is forgetting factor, and ey is objective error

function which is minimized at every updating step:
fe} = { A} - 1) {Ki} (3.21)

Note that the T symbol is used to distinguish the measured forces, {ﬁk}, from their
counterpart in the force model, {F;}. At each time step, the covariance matrix of

estimation error, [Py], is also updated recursively using the following equation:

-1

[Pe] = [Pr—1] + [Ps-1] [Ak]T[[)\]_l + [Ax] [Pr-1] [Akﬂ [Ax] [Pr—1] (3.22)

In this work, forgetting factor and the initial values of the estimation and the corre-
sponding error covariance are set to {Ko} = [ 0000 ]T, [A] = 0.98[1],,,, and
[Py] = 10°[1]4x4-

Implementation of the described RLS algorithm is demonstrated using the numeri-
cal and experimental studies in Sections 3.4(Numerical results) and 3.5(Experimental

results).
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3.3.3 Kalman filter (KF) method

Considering the high sampling rate that is usually used to measure cutting forces,
at each time step, SFC can be assumed constant stochastic processes. In addition,
because the contribution of tool runout to the overall machining forces is harmonic
at the tool-passing frequency, the variation of milling forces due to runout effect
can be modelled as harmonic processes at the tool-passing frequency with stochastic
amplitudes. The dynamics of the variation of SFC and runout forces can therefore

be described using the following discrete-time domain state space model:

{gra} = (Wl {an} + {wr}

(3.23)
{F} = [Hil {ar} + {ve}

where {q} is the vector of state variables, [¥;] is state transition matrix, and [Hg] is
observation (or output distribution) matrix. Process noise, {wy}, and measurement
noise, {v;}, are assumed to be uncorrelated white noise with Gaussian distribution
and known covariance matrices, (@] and [R], respectively. The state vector includes

SFC and runout forces:

. . T
{Qk} - [ Ktm Krm Ktea Kre7 FXra FXT; FYra FYT‘ ] (324)

The state transition matrix defines the progression of the constant SFC, harmonic
runout forces, Fx, and Fy,, and their time-derivatives, F %r and Fyr, in each time

step as follows:

1] 44 [0] 42 [0] 42
cos QAL sin QAL
| (0] . 0]
(U] = —sin QAL cos QAL (3.25)

cos QAt  sin QAt

0 0
[0] 2.4 (02502 —sin QAt  cos QAL

- 8x8

Output vector comprises the forces in the feed and normal direction and thus the
output matrix, [Hy], is defined by combining runout forces with the forces in Equation

(3.6), leading to the following equation:

[H]

2x8 —

1 0 0 0
[Ag] 00 10 ] (3.26)
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Note that because runout forces are considered as additional state variables, prior
knowledge of runout parameters (Ry and A) is no longer necessary and their values
in computing the observation matrix in Equation (3.26) are set to zero.

The KF algorithm is used as a state observer to estimate the states, {qx}, based
on the observations, i.e. measured forces, { F}.}. Details of Kalman filter design can be
found in various references; for example, see [91]. A brief description of the method is
also provided here. The algorithm consists of initialization, prediction, and correction
steps.

Step(0) - Initialization

To initialize the algorithm, the expected value of the state vector at k=0 and the

associated error covariance matrix are defined:

{do}" = E({q0})

R = B[ (o}~ (@}) ({ao} — {ao}*)"] 520

where [Pg] is the state estimation covariance matrix, E {} stands for the Expected
value, and the superscript "+” shows a posteriori estimation. The selected initial
estimate of the state vector does not affect the identified SFC, and a relatively large
values are selected for [Py] to increase the convergence rate of the algorithm.
Step(1) - Prediction

The state and covariance matrix at time step k are predicted as a new priori

estimation by using the system model.

{ka-i-l}i = [\I’k] {ka}Jr

_ - (3.28)
[Pri1]” = [Wi] [P [U] + (@]

Step(2) - Correction

In this step, the error between the measured forces and the forces predicted based
on the priori state estimates is multiplied by the Kalman Gain, [G}], and the result
is added to the priori estimation of the state vector to update it to its posteriori esti-
mation. The priori estimation of the correlation matrix of the states is also updated

to its posteriori estimation as follows:

{ay" = {a} + (G ({A} - H{a))

(AR CARCAR (AT ARERTG) (3-29)
B = (1) = (G () [P
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3.3.4 Extended kalman filter (EKF) method

In both RLS and KF methods, the initial immersion angle of the first flute, ¢, was
obtained separately using the batch LSE method in Section 3.3.2. If this parameter
is treated as another unknown state variable with constant stochastic dynamics, the
state space model in Equation (3.23) will no longer be linear, but it can be described

using the following nonlinear state space model:

{gra} = (Wl {an} + {wr}

(3.30)
{Fe} = h({an}, k) + {ve}

where the state vector includes the initial immersion angle as the additional variable:

. . T
{Q}: Ktc Krc Kte Kre FX’I" FXr FYT‘ FYr ¢0 (33]‘)

The state transition matrix will also be extended to a 9 x 9 matrix with zeros in all
of the additional 9" row and column, and 1 on the 9** diagonal element. Comparing
the linear model in Equation (3.23) and the nonlinear model in Equation (3.30),
the linear output matrix, [Hy| is converted to the time-varying nonlinear function
h ({q.},k). Extended Kalman Filter (EKF) allows the estimation of state variables
in non-linear systems with additive noise [91]. Assuming small sampling time At, the
nonlinear output function (h ({gx}, k)) can be linearized around its value at the priori
estimation of the state vector in current time step, {gx} , leading to the following

linearized output equation in the state space model:

(A} = h({a} ™ 0) + L] (la) = (6} ) + {oks 1) = | (3.32)

]q={@k}_

Components of the Jacobian matrix,[Jy], in Equation (3.32) are obtained by substi-

tuting Fy and Fy from Equation (3.6) in the following equation:

[J ] — 0Kt OKyc OKte 0K e 8¢0
k oFy  OFy  0Fy OFy g () 1 ( OF
8Ktc aKT‘C aKte 8K're

(3.33)

OFx OFx OFx OFx 1 0 0 0 OFx ]
Obo 1 {Gy.}~

The three stages, initialization, prediction, and correction in Kalman filter algorithm
are also used to update the estimate of the state variables from the linearized state
space model in Eqs.3.30 and 3.32 as well. While the initialization and prediction

stages are similar to Equation (3.27) and 3.28, the correction stage in Extended
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Kalman Filter changes to the following:

{ak" =@} + (6 ({ £} = n{a) k)
Gal = [P (1 [P [T + [R]) (3.34)
[P = (I — [Gx] [Ja]) [P

3.4 Numerical Simulation

A numerical example is presented to study the consistency and convergence of RLS,
KF, and EKF methods in identifying SFC. Cutting forces in feed and normal direc-
tions, Fx and Fy, are simulated at At = 0.2 millisecond intervals by substituting the
chip thickness model from Equation (3.4) in the mechanistic cutting force model in
Equation (3.6).

For numerical simulation, the constant sampling time At = 0.2 milliseconds in the
discrete-time domain is determined based on the tool passing frequency and Nyquist
sampling theorem. The Nyquist sampling theorem provides a prescription for the
nominal sampling interval required to avoid aliasing. It may be stated simply as fol-
lows: The sampling frequency should be at least twice the highest frequency contained
in the signal. In mathematical terms f, > 2f. where f, is the sampling frequency,
and f. is the highest frequency contained in the signal. Considering the spindle speed
of 2000 rpm and a two-flute cutting tool, the tool passing frequency f. = 66.7H z.
Therefore, the sampling frequency should be at least f; = 133.4H z. In the machining
applications, the ideal sampling frequency is usually determined 10 times higher than
the Nyquist frequency. To stay on the safe side, the sampling frequency is chosen
at 5 KHz, which is more than 30 times higher than the Nyquist frequency. This
assumption results in the sampling time At = 0.2 milliseconds.

Feedrate ¢ = 0.2 mm/tooth, spindle speed of 2 = 2000 rev/min, a two-fluted
cutter, and full immersion milling (¢ = 0 and ¢, = m) with @ = 1 mm axial depth
of cut is assumed in simulations. The true SFC are assumed to be K;. = 750 MPa,
K,. = 150 MPa, K;. = 20 N/mm, K,. = 30 N/mm. Two sets of simulations were
performed. In the first set, the tool runout and measurement noise are assumed to
be zero; in the second set, the radial and angular offset parameters of runout are
assumed Ry=10 pym and y=0°, and measurement noise is added to the simulated
forces. Signal to noise ratio (SNR) in the second set is 15 dB and 18 dB for the force

signals F'yand Fy, respectively. The cutting forces from the two sets of simulations
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are shown in Figure 3.2 (a) and (b). The initial immersion angle in both simulations

are assumed ¢y = 30°.
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Figure 3.2: Simulated forces in (a)first set: no runout and noise, (b) second set:
considering Ry = 10um tool runout at v = 0, measurement noise of 15 dB SNR in
Fx,and 18 dB in Fy . Cutting conditions: K;. = 750 MPa, K,. = 150 MPa, K;. = 20
N/mm, K,. = 30 N/mm, ¢ = 0.2 mm/tooth, Q = 2000 rev/min, axial depth of cut
a =1 mm, At = 0.2 milliseconds, and Full Immersion engagement.

In order to estimate the initial immersion angle in the first stage of RLS method,
a batch LSE is applied on the simulated forces, shown in Figure 3.2. The LSE error
when various ¢, values are used in the batch LSE is shown in Figure 3.3. In the first
set of simulations, Figure 3.3(a), the LSE error becomes minimum at ¢y = 30°, and
in the second set, Figure 3.3(b), it becomes minimum at ¢y = 28.9°. These values

are used as the optimum estimation of ¢ in the proposed RLS and KF methods.
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Figure 3.3: Identification of unknown initial immersion angle, ¢q, based on the esti-
mation error (residue) of batch Least Square Estimation. (a)first set: no runout and
noise, (b)second set: considering the effect of noise and tool runout.

Figure 3.4(a-d) shows the convergence of SFC when the cutting forces resulting
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from the first set of simulations (i.e. no runout and noise) are used in the RLS,
KF, and EKF algorithms. The initialization parameters applied in each of the three
methods, RLS, KF, and EKF, are presented in Table 3.1.
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Figure 3.4: Numerical simulation results without considering runout and measure-
ment noise. (a-d) Convergence of SFC estimated by RLS, KF, and EKF; (e) Initial
immersion angle estimated by EKF. (f) runout forces estimated by EKF during the
milling process. Forces simulated using K. = 750 MPa, K,. = 150 MPa, K;,. = 20
N/mm, K,. = 30 N/mm, ¢ = 0.2 mm/tooth, Q = 2000 rev/min, axial depth of cut
a =1 mm, At = 0.2 milliseconds, and Full Immersion engagement.

Figure 3.4 shows the convergence of force model parameters when noise and runout
is not included in simulations (first set of simulations). Therefore, RLS and KF al-

gorithms converge asymptotically to the true values used in simulations. The EKF
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Table 3.1: The initialization parameters applied for RLS, KF, EKF algorithms.
[R],[Q], and [P,] are diagonal matrices, and Q;; and Py, denote the ¢ diago-
nal elements of (@] and [Py] matrices, respectively.

H RLS \ KF \ EKF H
[A] = 0.98[1],. [R] =2 x 10 2[I]ax2 | [R] =2 x 1072[I]ax2
Bi=1,..
[Po] = 10%[I]yy | Q] =107"[I]sxs Qi) = { 18716; ; :1{) &
{Ko} = {0} [Po]" = 107[T)sxs Py = { 18;: zzé 8
{a,}" = {0}sxa {0} ={0}oxa

algorithm, due to linearization errors, converges to a biased estimation, but the es-
timation bias is negligible (~ 1%). In the KF algorithm, in addition to SFC, the
runout forces also converge to the true value (zero runout). In the EKF, the initial
immersion angle ¢q is considered as an additional state variable, which converges to
its true value, 30°, as shown in Figure 3.4(e).

Figure 3.5 shows the convergence of the RLS, KF, and EKF algorithms when
forces simulated in the second set (with noise and runout) are used. RLS and KF
converge to the true values with a negligible bias error. This error is more clear in
K, convergence diagram shown in part (b) of the figure. The deterioration of the
performance of the RLS and KF algorithms is associated with the error in estimating
the initial immersion angle, ¢g, in the first step of estimation process discussed in
3.3.2. The estimated ¢g used in RLS and KF is 28.9°, different from true value 30°.
The KF algorithm also converges to the true values of the runout forces. Similar
to Figure 3.4, in Figure 3.5, the EKF converges to a biased value of the SFC, but
the offset between the true solution and the converged values is within the typical

measurement errors.

3.5 Experimental Results

A set of milling experiments were conducted to study the performance of the aver-
age force method, RLS, KF, and EKF methods in identifying SFC in milling. The
presented experiments were performed on a 3-axis machining centre with a 2-tooth
inserted tool with 25.4mm diameter. The workpiece material was Al6061, and the
milling forces in the feed and normal directions were measured using a Kistler 9257B

table dynamometer. Force signals were amplified using a Kistler 5814B1 amplifier
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Figure 3.5: Numerical simulation results considering measurement noise and tool
runout. (a-d) Convergence of SFC estimated by RLS, KF, and EKF; (e)Initial im-
mersion angle estimated by EKF. (f)runout forces estimated by EKF during the
milling process. Forces simulated using K;. = 750 MPa, K,. = 150 MPa, K;. = 20
N/mm, K,. = 30 N/mm, ¢ = 0.2 mm/tooth, = 2000 rev/min, axial depth of cut
a = 1 mm, At = 0.2 milliseconds, and Full Immersion engagement. Runout param-
eters are assumed Ry = 10pum, v = 0°, and signal to noise ratio (SNR) is 15 dB and
18 dB for the force signals F'x and Fy.

and digitized using a NI 9234 data acquisition card. Spindle speed and axial depth of
cut were maintained at 2000 rev/min and 1 mm in all of the experiments. Considering

one of the teeth as the reference, the eccentricity of the other tooth is measured to
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represent the radial runout Ry. Runout is measured using a dial indicator pressed
against the tool shank while it is turned. Total indicated runout (TIR) is a tech-
nician’s term for the measured runout of any rotating system, including all forms
of runout, at the measured point. This value for the tool used in the experiments
was read Ry = 13um. The eccentricity angle v (shown in Figure 3.1(b)) is assumed
zero, because its effect is superimposed with the initial immersion angle, ¢ , which

is identified as explained in what follows.

3.5.1 Average-force method

Cutting forces were measured at four different feedrates, ¢ =0.05, 0.1, 0.15, and 0.2
mm/tooth. The average of the measured forces at each feedrate are shown in Figure
3.6. These average forces and the corresponding feedrates are substituted in Equation
(3.13), and the resulting constant coefficients (a1, a0, Gy1,ay0) are substituted in
Equation (3.12) to determine the average SFC. As shown in Figure 3.6, K;. and K.
are estimated 1007.8 and 430.5 MPa, and K,. and K,. are estimated 28.2 and 21.3
N/mm, respectively. Because average forces are used in this method, runout and

initial immersion angle do not affect the identified coefficients.

T T T T T T T
100k : Feed (FXOZ |
= Normal (Fy) R,=1007.8 (MPa)
2 K,.=430.5 (MPa)
o 50 N |
o K=28.2 (N/mm)
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S 0F
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>
<
50k i
1 1 1 1 1 1 1 1
004 006 0.8 0.1 012 014 016 0.8 0.2

Feedrate [mm/rev/tooth]

Figure 3.6: Identification of SFC using average measured forces. Cutting conditions
are ¢ = 0.05,0.1,0.15,0.2 mm/tooth, Q@ = 2000 rev/min, axial depth of cut a = 1
mm, material Al 6061, inserted cutter with two teeth and 25.4 mm diameter, and full
immersion engagement.
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3.5.2 RLS method

In the first stage of RLS method, the initial immersion angle is estimated by applying

batch LSE on the forces measured during the first six revolutions of the tool.
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Figure 3.7: (a) Offset angle between simulation and measured forces, and (b) Varia-
tion of Least Square Estimation error by initial immersion angle ¢y.

Figure 3.7 shows the LSE error when various ¢, values are used in the batch
LSE. Part (a) of the figure shows the measured forces and the estimated ones when
a certain value of ¢ is used. As shown in part (b), at ¢9 = 95.1° the LSE error
becomes minimum, and therefore this value is used as the optimum estimation of ¢q
in the RLS and KF algorithms.

Figure 3.8(b) shows the milling forces measured during the test with feedrate
¢ = 0.2 mm/tooth. For a better visibility, the forces during only a few tool revolutions
are shown. These forces are used in the RLS algorithm to estimate SFC at every time
step. The evolution of the estimated force model coefficients is shown in part (a) of
the figure. The estimated values for f(tc and Krc converge to 1060 and 430 MPa,
respectively, and the edge force coefficients converge to K}e = 22 and Kre = 20
N/mm.

The differences between SFC identified using RLS and average method is mainly
attributed to the fact that RLS algorithm estimates the coefficients at the operational
feedrate (0.2 mm/tooth), but the average method estimates the coefficients for a range
of feedrates (0.05-0.2 mm/tooth). A comparison between the measured forces and
the ones estimated using RLS are shown in Figure 3.8(b).

As the RLS algorithm converges, the covariance of estimation error approaches
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Figure 3.8: (a) RLS identification of SFC from forces measured at ¢ = 0.2 mm/tooth;
(b) Comparison of estimated and measured cutting forces in X and Y directions; (c)
Variation of the average of the diagonal elements of error covariance matrix by time
steps.

zero, which causes numerical drift of the estimated solution. In order to avoid this
problem, the estimation process is stopped when the mean value of the diagonal
elements of covariance matrix, P in the following equation, becomes smaller than a

preset threshold value:
4

P=13 Puy (3.35)

The algorithm termination threshold significantly affects the estimated coefficients

in RLS method. Figure 3.8(c) shows the convergence of P by time. In this work,
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to avoid numerical drift, P = 0.052, which is at the knee of the convergence curve,
is selected as the termination point of RLS algorithm. If the value of P goes below
this threshold, algorithm stops estimating the coefficients until P returns above this
threshold.

3.5.3 KF method

The presented KF methods is implemented in this section to estimate SFC and the
runout forces contributing to the measured forces. The initial immersion angle is
estimated ¢g = 95.1° from the prior analysis discussed in Section 3.3.2.

Convergence of the KF algorithm is shown in Figure 3.9(a). The initial estimates of
the state vector and covariance matrices in the performed KF algorithm are as the
same as the values used in Section 3.4, shown in Table 3.1. The SFC converge to
K. = 1013 MPa, K,, = 422 MPa, K,, = 26 N/mm, and Ko =22 N/mm. The forces
estimated by the KF algorithm are compared against the measured ones in Figure
3.9(b).

3.5.4 EKF method

Extended Kalman Filter method was implemented to identify SFC, runout forces, and
the initial immersion angle from the forces measured at ¢ = 0.2 mm/tooth. Figure
3.10 shows the convergence of SFC to Ktc = 1020 MPa, IA(,.C = 442 MPa, Kte =24
N/mm, and K,. = 22 N/mm. The estimated forces are also compared against the
measured forces in Figure 3.10(b). The main dvantage of EKF over standard KF and
RLS is its capability to estimate both initial immersion angle and SFC in one step.
Figure 3.10(c) shows that the mean value of the estimated ¢y in the EKF algorithm
converges to approximately ¢g = 95°.

While the measurement noise covariance, [R], can be measured from the baseline
(i.e. air cutting) of the measured forces, determination of the process noise covariance
(@] in KF method is challenging. Figure 3.11 shows the variation of the average SFC
identified using KF method when various values for ) are used as the diagonal element
of the process noise matrix, [@)]. As shown in this figure, the assumed process noise
covariance, [@Q)], greatly affects the accuracy of estimation. Considering that all of the
SFC converge to a constant value for () smaller than 1078, this value is used as the

optimum value in this case study.
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Figure 3.9: (a) Kalman Filter identification of SFC from the forces measured at ¢ =
0.2 mm/tooth; (b) Comparison of measured cutting forces and the forces estimated
using Kalman Filter Method; (¢) Runout forces estimated by Kalman filter

The presented methods were also used to identify the force model parameters
from the forces measured at ¢ = 0.05,0.1, and 0.15 mm/rev. Figure 3.12 shows
the convergence of the cutting force coefficients, K, and Krc, estimated using the
KF algorithm. Due to chip thinning effect [92], SFC tend to increase at lower chip
thickness where ploughing action is more dominant than shearing. The increasing
trend of the cutting force coefficients is shown in Figure 3.12 when the feedrate reduces

from 0.2 to 0.05 mm/tooth in KF method.
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Figure 3.10: (a) EKF identification of SFC from forces measured at ¢ = 0.2 mm/tooth;
(b) Comparison of the measured forces and the forces estimated using EKF ; (c)
Estimation of ¢y using Extended Kalman Filter

3.6 Comparison

In preceding sections, all of the three presented methods were shown to be capable
of identifying the SFC in full-immersion operations. To study the performance of
the presented methods in partial-immersion operations (b < D), RLS and KF meth-
ods were used to identify the SFC from the forces measured during half-immersion
downmilling (¢, = 90 and ¢, = 180).

Figure 3.13 shows the SFC identified using the RLS method as well as the esti-
mated and measured forces. Similar to the full-immersion case, the initial immersion

angle (¢g) was determined in the fist stage, as shown in part (c) of Figure 3.13. The
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Figure 3.11: Variation of the identified SFC by @, the diagonal element of process
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Figure 3.12: Cutting force coefficients estimated using KF algorithm from forces
measured at ¢=0.05, 0.1, 0.15, and 0.2 mm/tooth

SFC are identified and shown in Figure 3.14 using the KF method. Also, the measured
and estimated cutting forces, and the estimated runout forces in the half-immersion
case are depicted in this figure. The identified SFC from both RLS and KF methods
are similar but slightly different than the values obtained in the full-immersion case.
The EKF cannot be used in the case of half-immersion with a 2-fluted tool because,
as is shown in part (b) of Figure 3.13 and Figure 3.14, the cutting force is not differ-
entiable (due to its sharp changes) and therefore the Jacobian matrix in EKF cannot
be defined. In such cases, alternative methods such as Unscented Kalman Filter [93]

could be considered.
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Figure 3.13: Cutting force coefficients estimated using KF algorithm from forces
measured at ¢=0.05, 0.1, 0.15, and 0.2 mm/tooth

A qualitative comparison of the presented methods with respect to various per-
formance criteria is presented in Table 3.2. The advantage of KF and EKF methods
over RLS is in their capability to identify the SFC without a prior knowledge of
the runout parameters. When an accurate measurement of the runout parameters is
available, the application of RLS is more advantageous, because information about
the process and measurement noise is not required. The EKF is advantageous over
the other presented methods, because it does not require the determination of initial
immersion angle in the first stage of identification. However, the EKF can only be

applied when there is a continuous engagement between the tool and the workpiece.
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Figure 3.14: Cutting force coefficients estimated using KF algorithm from forces
measured at ¢=0.05, 0.1, 0.15, and 0.2 mm/tooth

A quantitative comparison of the convergence rate of the three methods is not
possible, because each method involves a different number of variables. Nonetheless,
as shown in Figure 3.4, because EKF linearizes the nonlinear system at each time-
step of the algorithm, it converges slower than KF. The RLS algorithm converges
the fastest as it involves a fewer number of variables. The RMS error in estimating
the measured forces in each of the methods is also reported in Table 3.2. All of the
three methods lead to similar estimation errors, while the forces are predicted with
a slightly lower accuracy using the traditional average method. This lower accuracy

is expectable, because the SFC resulting from the average method are identified for
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a range of feedrate values, whereas in the presented methods, they are adaptively

calibrated for the specific feedrate that is being used in the operation.

Table 3.2: Comparison of identification methods based on the full-immersion force
measurements

Method runout online | identification steps | convergence rate | RMS error%

Average | Measured | No One N/A F,(5.5), F,(7.2)
RLS Measured | Yes Two Fast F,(5.3), F,(6.9)
KF Estimated | Yes Two Slow F,(5.1), F,(6.7)
EKF Estimated | Yes One Slowest F,(5.1), F,(6.7)

3.7 Conclusions

Three online identification methods were presented to monitor the evolution of Spe-
cific Force Coefficients (SFC) of linear milling force models. Conventional SFC cal-
ibration methods require measuring the milling forces in various cutting conditions,
and then processing them using offline curve fitting algorithms. The presented Recur-
sive Least Squares(RLS), Kalman Filter(KF), and Extended Kalman Filter (EKF)
methods were shown to be capable of identifying SFC recursively at every discrete
time step during the milling process.

While dynamometers are precise in measuring machining forces at low frequencies,
their electromechanical dynamics distort the high-frequency content of the forces. It
results in critical measurement errors, particularly in high-speed or highly intermittent
milling processes [94]. Since the tool passing frequency is much lower than the natural
modes of the dynamometer, it does not play a big role in the accuracy of results in
this project, and therefore, the dynamics of the dynamometer were neglected in the
modeling.

Because the SFC are directly linked to the mechanics of chip formation, real
time implementation of the proposed methods can lead to a more effective process
monitoring during milling operations. In addition, the presented methods can be
used for in-situ calibration of Virtual Machining Systems when they are used as the

digital twin of the machining process.
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Chapter 4

Recursive Identification of Cutting

Force Model Parameters in Milling
of CFRPs

4.1 Introduction

CFRPs are widely used in various industries due to their low weight-to-strength ratio,
corrosion resistance, and vibration absorption [95]. Because of the non-homogeneous
properties of CFRP composites, unwanted damages such as delamination, chipping,
and tool wear can be easily formed under excessive cutting forces during the ma-
chining operations [29, 34]. As a result, modelling machining forces has received
much attention in order to prevent these damages and improve the machinability and
quality of surface finish in milling CFRP [18].

Many researchers have been successfully established mechanistic force models to
relate cutting forces to the tool geometry and milling parameters based on the metal
cutting theories [53, 24]. Due to the anisotropic structure of the composites material,
chip formation mechanics in CFRP depends on the fiber cutting angle [96], which
varies periodically as the tool rotates during the milling process. This relationship
was discussed by Kalla et al. in [96]. Considering this periodic variation, mechanistic
force models in metallic materials have been adopted for CFRP milling by replacing
the constant coefficients with periodic functions of fiber cutting angle [57, 97].

The periodic coefficients of the linear force model, commonly referred to as spe-

cific force coefficients (SFC), represent the cutting energy in the milling process. To
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address the importance of SFC, there are some studies focused on the effect of fiber
cutting angle on the specific cutting energy in CFRP machining experiments [98], in
which they concluded that the specific cutting energy is bigger for the fiber cutting
angle below 90°rather than the values above 90°.

Both radial and axial depth of cut was considered as constant values in the mech-
anistic force model in this work. However, the axial depth of cut is a major factor
that might affect the accuracy of the model in predicting cutting forces and surface
damages [99]. In reality, ¢; is affected by the helix angle on the cutting tool. Increas-
ing the depth of cut or a larger value for the tool’s helix angle will result in more
variation in the value of ¢; for each layer of the composites. In the current study,
because of choosing a relatively small depth of cut (a=0.8 mm), we neglect the effect
of helix angle as an assumption to simplify the model.

In recent years, extensive investigations have been carried out on determining the
specific force coefficients in CFRP milling operation [57, 100], highlighting their de-
pendency on machining conditions (e.g., feedrate, fiber orientation, and fiber cutting
angle). In these works, the SFC was identified experimentally by applying linear
regression of measured cutting forces over a range of feedrates and different fiber ori-
entations while the other cutting conditions have remained constant. However, this
offline calibration method is time-consuming since several cutting tests are required
to perform the linear regression analysis [101]. Also, the resulting calibrated coeffi-
cients, SFC, are only interpretable to the corresponding cutting parameters, selected
tool geometry, and workpiece material.

When cutting conditions change during the process or tool wear increases, the
model parameters identified by offline approaches lose accuracy; online identification
methods are therefore required to adaptively recalibrate the model parameters during
the process [84, 88, 102]. Furthermore, because of the strong linkage between the
model parameters and the mechanics of chip formation, online monitoring of the SFC
can also provide valuable information for process monitoring [103].

The majority of model identification research work has focused on offline methods
[104] without much focus on the online identification approaches during the CFRP
milling operation. This work aims to demonstrate the potential for process monitoring
and control of machining operation in cutting CFRP.

In this chapter, the linear mechanistic force model in milling CFRP is first ex-
plained in the next section, followed by presenting two recursive methods to identify

the unknown periodic parameters of the model in Section 3. A set of numerical
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case studies are presented in Section 4 to validate the consistent performance of the
presented identification methods in converging to actual values. In Sections 5 and
6, experimental cases are conducted to evaluate the performance of proposed online

methods in identifying model parameters in milling unidirectional CFRP composites.

4.2 Problem Geometry

The important parameters in the mechanistic milling force model is presented in this
section. Figure 4.1a shows the CFRP workpiece position when it is mounted on a
CNC table machine and is being cut by a two-fluted cutting tool.

Schematics of tool-workpiece engagement in end-milling operation of CFRP is
shown in Figure 4.1b. Vectors X and Y show Feed and Normal directions of the tool
movement trajectory; fiber cutting angle is denoted 3, and fiber orientation in a Uni-
Directional layer is #. Tangential and radial force components are also shown as f;
and f,, respectively. The diameter of the cylindrical tool is denoted D which could be
also referred to as radial depth of cut in full immersion engagement of tool-workpiece;
and finally the axial depth of cut is denoted by parameter a. Both radial and axial
depth of cut are considered as constant values in the force model analysis.

The tool moves in X direction at the constant feedrate of ¢ mm/tooth while the
spindle rotates clockwise at € rad/sec. The N flutes of the endmill are indexed
j = 1..N, and the instantaneous immersion angle of the j* tool measured from the

normal to feed axis, Y, is denoted ¢; as shown in Figure 4.1.

4.3 Recursive Estimation of Specific Force Coeftfi-
cients (SFC)

In order to identify the parameters of the mechanistic cutting force model in milling
of CFRPs, as discussed in previous studies for traditional calibration of force model
parameters, Kalla et al. [9] and Karpat et al. [57], the cutting forces applied in
radial and tangential directions on each flute can be expressed as linear functions of

the instantaneous uncut chip thickness h(¢;) by considering the instantaneous fiber
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Figure 4.1: (a)Interaction between tool and CFRP workpiece; (b)Schematics of main
parameters in milling CFRP

orientation angle ¢ and tool rotation angle ¢; as following:

fr = Kie(B).M(j).a + Kie(B).a

(4.1)
fr = Krc(ﬁ)h(¢j)a + Kre(ﬁ)'a’

To account for the variation of chip formation mechanics at various fibre cutting
angles, the cutting and edge force coefficients are assumed to be functions of the fibre
cutting angle. Since the variation of fibre cutting angle is periodic at half of the tool
revolution period, the cutting and edge force coefficients are expressed as the Fourier
series coefficients.Based on the proposed model, the following functions are used to
describe the physical behavior of the specific cutting energy which consists of four

distinct terms as

Ky = Koo + Ktcl-Sin(Qﬁ) + Ktc2~COS(25)
Ko = Koo+ Kra1.8in(26) + Kyep.cos(20)
Ko = Koo + Kie1.5in(28) + Kpep.c08(20)
Kye = Kyoo + Kpe1 8in(28) + Kyep.cos(23)

(4.2)

Subsequently, by substituting Equation (4.2) in mechanistic force model, Equation
(4.1), the final expression of cutting forces in milling of CFRP laminates can be
extracted. With the simulated and experimentally measured forces, the specific force

coefficients in Equation (4.2) can be determined by multi-variables Recursive Least
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Squares (RLS) and Kalman filter methods. Subroutine programs have been developed
to realize the recursive analysis in Matlab.

The accuracy of predictions for SFCs is analyzed which provides a measure of
how well the estimation results are close to the experimental data. The formulation
and equations in aforementioned methods have been already discussed thoroughly in
the previous work by M. Farhadmanesh et al. [105] for isotropic metallic materials.
However, in this chapter we are going to develop the mechanistic force model for
milling of CFRPs.

The instantaneous immersion angle of each tooth depends on the spindle rotation

speed and the angular immersion of the first tooth at ¢ = 0, which is denoted ¢y:

2m(j — 1)

¢ = — —

According to the discussion in previous chapter, the initial immersion angle, ¢,
is an unknown parameter and its estimation based on the measured forces will be
discussed later in this chapter. Fiber cutting angle is also another parameter which
is the summation of fiber orientation angle, 6, and tool rotation angle, ¢;, expressed

in the following form:
B=0+¢; (4.4)

The overall machining forces applied on each tooth is decomposed into the radial
component, f,., and tangential component, f;, as shown in Figure 4.1(b). In linear
mechanistic models of machining forces, each of these components are assumed to
be linear functions of the instantaneous chip thickness. However, in machining of
CFRPs material, these components are harmonic function of the chip thickness and

fiber cutting angle. By substitution of Equation (4.2) in Equation (4.1), we have:

fi= |:Ktc0 + Kqsin(26) + Ktcgcos(Qﬁ)} hoj)a+ [Kteo + Kye1sin(20) + Ktegcos(26)} a (4 5)

f = [Kmo + Kyasin(26) + K,,Czcos(zﬁ)} h(é;)a + [Kmo + Kyasin(28) + Kyescos(28)] a

where a is the axial depth of cut and h(¢,) is uncut chip thickness.

Mechanics of chip formation depends on the fibre cutting angle, 5, which changes
at various immersion angles, as described in Chapter 2.

The variation of chip thickness has been shown as dashed line in Figure 4.1(b)
when the eccentricity of the tool rotation centre and its geometric centre is negligible

and feed speed is much lower than cutting speed. From a practical point of view,
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tool runout and the actual trochoidal trajectory of the cutting tooth alter the chip
thickness the chip thickness and neglecting their effect can cause bias error in mod-
elling. Therefore, in order to avoid this unnecessary error, instead of h (¢;) = c.sing;
we consider the trochoidal trajectory and radial runout, [89], as discussed in previous

chapter as well.

h(¢;) = q1.sin ¢; + go.sin ¢; cos ¢; + qg.C052¢j + qy (4.6)

where ¢;,7 = 1..4 are constants depending on feedrate per tooth, ¢ [mm/tooth], and
radial (Ry) and angular () offset of tool rotation centre, Opg, from its geometric
centre, O, as shown in Figure 4.1b:

1+(—1)j%smfy); G = =2

[
—~

q1 =

| (4.7)
=5 qa=—2(=1)Rycosy

The overall measured forces in the coordinate reference system of the CNC ma-
chine, F'xo and Fyq, could be projected to the feed and normal tool movement di-
rections, F'x and Fy, by the transformation matrix T))((O. Then, a second rotation
matrix,7;/X, is applied that maps the forces from the feed and normal directions to

the tangential and radial directions on the tool’s cutting edge, f; and f,, as follows:

Fx, 0.Yo a , e
{ Fjo } :T))((,YY jzlg(%)Tt);Y{ £, };
TXY _ [ —cos(¢;) —sin(¢;) ] . (4.8)
br sin(¢;)  —cos(¢;) |

T)){(%}Yo _ [ cos(y) —sin(y) ] :
’ sin(y))  cos(v)

The engagement of each flute with the cut is determined by the Heaviside function,
g(¢;), which is nonzero only if the corresponding immersion angle is between the start

and exit angles, ¢y and ¢.;, shown in Figure 4.1:

g((bj) = H((bj - (bst) - H((bj - (bew); ] =1.N (49)

where H(¢;) is unit step function. The start and exit angles are determined by the
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radial depth of cut a, tool diameter, D, and the milling mode:

{ ¢st =0 and ¢ex = COS_I ( - %)) upmllhng (410)

gt =T — cos! (1 — %)) and ¢, =7 downmilling

4.4 Identification of SFC

In chapter 3, three methods were introduced to identify SFC in milling of homoge-
neous metallic materials, i.e. Aluminium, and then the derivation of model equations
was presented. These methods included Recursive Least Squares (RLS), Kalman fil-
ter (KF), and Extended Kalman filter (EKF) methods. In this chapter, we are going
to develop the aforementioned methods for the milling of CFRP which has non-
homogeneous nature. The basic equations from previous chapter will be rewritten

and updated here for readers convenience.

4.4.1 RLS method

This method is based on weighted least squares in which previous values taken in
account for determining the future value. Each weight is exponentially assigned to
each previous value of the actual system. The weights are updated recursively based
on memory. The instantaneous feed and normal forces are used in Recursive Least
Squares (RLS) algorithm to estimate the SFC. Considering the effect of tool runout
in the chip thickness model described in Equation (4.6), and substituting it in the
equation of overall feed and normal forces, Equation (4.5) will result in the following
form to express the instantaneous forces as linear functions of SFC in discrete-time

domain with constant sampling time of At:

{Fi.} = [Ar(¢0) | {K} (4.11)

where {Fi.} = {F(kAt)} and [Ax(¢o)] = [A(kAL, ¢g)] is a 2 x 12 matrix. The SFC

unknown parameters are:
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T
{K}:[Ktco Ktcl Kth KrcO K’rcl Krc2 KteO Ktel KteQ KreO Krel KreQ]

All A12 e A1—12 .
A21 A22 e A2—12 ’
N

N
A=A = —a ;9 (@) h(¢;) cosgj; Ay = Ags = —a qu (¢j) h (¢;) cos ¢ sin 23;

J J=

[A (o, t)] =

N N
A = Ags = —a Zlg (¢5) h(¢;) cos g cos2B; Ay = —Ag = —a ;9 (9) 1 (&5) sin ;5

J J

N N

Ay =—Ap=—a Zlg (¢;) h(¢;)sing;sin28; A = —Ap = —a '219 (¢3) h (¢;) sin §; cos 23;

i= i=
N

N
A17 = Ag(lo) = —a z g ((b]) COS (bj, Alg = A2(11) = —Qa ((Z)]) COS ¢j sin Zﬁ,
=1

J=1

N N
Avg = Ay1z) = —a >~ g (¢;)cosp; cos 2f; Ajo) = —Aor = —a > g (¢;)sin¢y;
j=1 j=1

N N
Ay = —As = —a Zlg (¢;)sing;sin2f;  Ajqg) = —Ag = —a Zlg (¢) sin ¢ cos 23;
j= j=
(4.12)

Similar to what was explained in Section 3.3.2, a two-step solution is used to
estimate the vector of SFC, { K}, from measured forces, {F k}, in the presented RLS
algorithm.

The first step is to determine the unknown parameter ¢y by repeating Equation (4.11)
over the first few tool revolutions, and then, the least squares estimation of {K} is
obtained from the system of linear equations. The optimum value of the ¢ which
leads to the smallest approximation residue(error) is selected in the range of 0-2,
and will be used in the second step of RLS algorithm.
The second step of RLS algorithm includes recursively updating the estimation of
SFC by using the measured cutting forces at each discrete time step. Very similar to
chapter 3, the unknown { K} in Equation (4.11) will be determined by implementing
a multi-output RLS algorithm in Matlab. The new cutting model and higher number
of unknown parameters is the difference between the RLS algorithm in this chapter
and previous one.
In the following equations, {K k} denotes the estimation of SFC at the k' time step,
[Py] is the covariance matrix of estimation error which is updated at each time step,
[A] is forgetting factor, and ey is objective error function which is minimized at every
updating step:

{&} = {Kan} + (B AT W e} (4.13)
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{er} = {ﬁ%} _’L4k]{l%k—1} (4.14)

(P = [Pea) + [Pe] [44T [7 + (A (B [4d7] (Al [Be) (45)

As it was also mentioned before, the ~ symbol is used to distinguish the measured
forces, {Fk}, from their counterpart in the force model, { F}.}. In this chapter, forget-

ting factor and the initial values of the estimation and the corresponding error covari-

. T
ance are set to {Ko} = [ 00 -0 ] , [\ = 0.98[1],, ., and [Py] = 10°[1]12x12.
1x12

4.4.2 KF method

Kalman filter works on prediction-correction model used for linear and time-variant or
time-invariant systems. Prediction model involves the actual system and the process
noise . The update model involves updating the predicated or the estimated value with
the observation noise. Kalman gain is calculated based on RLS algorithm in order to
reach the optimal value within less amount of time.

Considering the high sampling rate of measured forces at each time step, SFC
can be assumed constant stochastic processes. We can also consider the contribution
of tool runout to the overall machining forces which is harmonic at the tool-passing
frequency. The variation of milling forces due to runout effect can be modelled as
harmonic processes at the tool-passing frequency with stochastic amplitudes. The
dynamics of the variation of SFC and runout forces can therefore be described using

the following discrete-time domain state space model:

{gra} = [Vl {an} + {wr}

(4.16)
{F} = [Hi {ar} + {ve}

where {q} is the vector of state variables, [¥,] is state transition matrix, and [Hg] is
observation matrix. Process noise, {wy}, and measurement noise, {v;}, are assumed
to be uncorrelated white noise with Gaussian distribution and known covariance ma-

trices, [@] and [R], respectively. The state vector includes SFC and runout forces:
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{q } o KtcOa Ktcla Ktc2> KrcOa Krcly Kcmy KteOa Kteb
tea Kte27 KT€07 Kreh KreQa FX’!‘7 FXT7 FYT7 FYr
(4.17)

The state transition matrix defines the progression of the constant SFC, harmonic
runout forces, Fx, and Fy,, and their time-derivatives, Fx, and Fyr, in each time

step as follows:

[I]l2><12 [0]12><2 [0]12><2
0] cos QAL sin QAt 0]
(W] = 2x12 —sin QAt  cos QAL 2x2
QAL in QA
[0]2><12 [O]2><2 CO-S .
—sin QAL cos QAL
L 4 16x16
(4.18)

Output vector comprises the forces in the feed and normal direction and thus the
output matrix, [Hy], is defined by combining runout forces with the forces in Equation

(4.8), leading to the following equation:

[H]2><16 -

1 0 0 O
T I ] (1.19)

Note that because runout forces are considered as additional state variables, prior
knowledge of runout parameters (Ry and A) is no longer necessary and their values
in computing the observation matrix in Equation (4.19) are set to zero.

The KF algorithm is used as a state observer to estimate the states, {¢x}, based on
the observations, i.e. measured forces, {F;}. Details of Kalman filter design can be
found in various references; for example, see [91]. A brief description of the method is
also provided here. The algorithm consists of initialization, prediction, and correction
steps.

Step(0) - Initialization

To initialize the algorithm, the expected value of the state vector at k=0 and the

associated error covariance matrix are defined:

{@}" = E({a})

A= 2 [ ({20} = {}) (oo} — {60} (420)
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where [P;] is the state estimation covariance matrix, E {} stands for the Expected
value, and the superscript "+” shows a posteriori estimation. The selected initial
estimate of the state vector does not affect the identified SFC, and a relatively large
values are selected for [Py] to increase the convergence rate of the algorithm.
Step(1) - Prediction

The state and covariance matrix at time step k are predicted as a new priori estimation

by using the system model.

{Grsr}” = Vi) {an}"

_ - (4.21)
[Prv1]” = [Wi] [Pe] [5]" + Q]

Step(2) - Correction

In this step, the error between the measured forces and the forces predicted based on
the priori state estimates is multiplied by the Kalman Gain, [Gy|, and the result is
added to the priori estimation of the state vector to update it to its posteriori esti-
mation. The priori estimation of the correlation matrix of the states is also updated

to its posteriori estimation as follows:

@7 = (@)™ + (Gl ({ B} - 1Hl {a))

Gl = (R ([ [P (H” + [R)) (422)
[P = (1] =[Gyl [Hi)) [Pi]

4.4.3 EKF method

In both RLS and KF methods, the initial immersion angle of the first flute, ¢q, was
obtained separately using the batch LSE method in Section 4.4.1. If this parameter
is treated as another unknown state variable with constant stochastic dynamics, the
state space model in Equation (4.16) will no longer be linear, but it can be described

using the following nonlinear state space model:

{gria} = (Wl {an} + {wr}

(4.23)
{Fey =h{a}, k) + {ox}
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where the state vector includes the initial immersion angle as the additional variable:

T
Ktc(], Ktcla Ktc% KrcO’ K’r‘cla KTCQ; KteOa Kteh

Kt627 KT607 Krel; KT627 FXT; FXTa FYT‘; FY?“7 ¢0
(4.24)

The state transition matrix will also be extended to a 17 x 17 matrix with zeros in all of

{QK}NXI =

the additional 17"* row and column, and 1 on the 17%* diagonal element. Comparing
the linear model in Equation (4.16) and the nonlinear model in Equation (4.23),
the linear output matrix, [Hy| is converted to the time-varying nonlinear function
h ({qy}, k). Extended Kalman filter (EKF) allows the estimation of state variables in
non-linear systems with additive noise [91]. Assuming small sampling time At, the
nonlinear output function (h ({gx}, %)) can be linearized around its value at the priori
estimation of the state vector in current time step, {¢x} , leading to the following
linearized output equation in the state space model:

{F} = h({a}™ ) + 13 () = {3 7) + (o 1) = [ (1.25)

]q{ék}

Components of the Jacobian matrix,[Ji], in Equation (4.25) are obtained by substi-

tuting Fy and Fy from Equation (4.8) in the following equation:

OFx  0Fx  9Fx  9Fx 100 0 %x

[Jk] — OKico OKic1 OKic2 0K rco Do (4 26)
OFy OFy OFy OFy 0010 OFy '
8Ktc() 6Ktcl 8Kt02 8K'rc0 o 6¢0 {qA]g}_

The three stages, initialization, prediction, and correction in Kalman filter algorithm
are also used to update the estimate of the state variables from the linearized state
space model in Eqgs.4.23 and 4.25 as well. While the initialization and prediction
stages are similar to Equation (4.20) and 4.21, the correction stage in Extended

Kalman filter changes to the following:

()" ={a” + Gl ({ A} - pl{ae} b))
(Gil = [P 1" (1] [RLT + [R)) (427)
[P = (=[G LI R
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4.4.4 Kalman filter stability

As a time-domain filter, Kalman filter is able to accommodate time-variable pa-
rameter. However there are some situations which the filter will not approach a
steady-state condition which results in unstability in the identification results. In
this section, the stability of the digital filter is analyzed using z-transform method
and the formulation is provided assuming that the Kalman filter under consideration
a constant-gain condition. The main estimate update equation which discussed in
previous section, (4.22), could be rewritten as a first-order vector difference equation

in which we replace {q,}~ with [T} _1]{Ge_1}" :

@) = ({0l - G e o) + G {R) a9

By taking the z-transform on both of the above equation, we can write it in the

z-domain as following:
) = (1] - G 0] s M) + Gl {F} 2o

where z denotes the usual z-transform variable. §(z) and Fj(z) also refer to to z-
transformed vector of state variables and measurement, respectively. Rearranging
both sides of the 4.29 will result in:

2= (e - G [ (o) ) =G {RG} @)

According to linear system theory, the term in the bracket on the left side of 4.30
describes the natural modes of the system, and its determinant provides the character-
istic polynomial for the system. the root of the following equation gives information
about the stability of the Kalman filter.

Characteristic  polynomial = |z [I] — ([Vg-1] — [Gk) [Hk] [Vi-1]) (4.31)

Since the roots of the characteristic equation are placed inside the unit circle in z-
plane, the filter is stable. If any root lies outside the unit circle, the filter will be unsta-
ble and control algorithm will detect this unstable behaviour. These roots can be de-

termined by finding calculating the eigenvalues of the term ([Vy_;| —[Gk] [Hk] [Wg-1])-
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4.5 Numerical Simulation

A set of numerical simulations are presented in this section to study the consis-
tency and convergence of RLS and KF, and EKF methods discussed in previous sec-
tion. Cutting forces in feed and normal directions, F, and Fj, are simulated at 0.12
ms intervals by using the following Force coefficients extracted from offline average-
force method. These functions were identified experimentally by the offline regression
method in Chapter 2, [100]:

~

K. = 641 — 235sin2 — 296c0s203
K,. = 476 — 275sin28 — 131c0s203

. ] (4.32)
K. = 4.7+ 6.4s1n28 — 9.6cos2[3

K, = 9.6 4 7.5sin28 — 8.7cos23

Figure 4.2a shows the whole process of SFC estimation as a reverse method based on

the applied cutting conditions in the figure. Table 4.1 shows the parameters which will

: 3 e Number of flutes: 2
ﬁ;’:;‘ﬂi:;‘fa,s<—l R mﬁ _ e Spindle speed: 5000 rpm
flfelekefd o Foedrate: 0.1 mm/tooth

? e Axial depth of cut: 0.8mm

Identification of I hd ¢0:60 deg

Force Coefficients e H=30 deg
RLS o:nK:tI:;ZZFllter ° 77Z) — 0 deg
e Full Immersion.
(a) (b)

Figure 4.2: (a)Schematics of the identification process; (b)cutting conditions and
parameters

be estimated for each identification method. The initialization parameters applied for
RLS, and KF algorithms can be also seen in the following table. The measurement
noise covariance, [R], is measured from the baseline (i.e. air cutting) of the measured
forces. Determination of the process noise covariance [()] in KF method is challenging;
The correct [@Q] is defined by manually trying various values for [@] and finding the
optimum diagonal element of the process noise matrix for which all of the SFC almost
converge to constant values in this case study.

Two sets of simulations were performed. In the first set, the tool runout and

measurement noise are assumed to be zero. In the second set, the radial and angular
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Table 4.1: The initialization parameters and variables applied for RLS, KF, EKF
algorithms. [R], [Q], and [Fy] are diagonal matrices, and Q; ;) and Py ;) denote the
it" diagonal elements of [Q] and [FPy] matrices, respectively.

H RLS \ KF \ EKF H
[A] = 0.98[1],. [R] =2 x 107?[I]ax2 [R] = 2 x 1072 [I]axo
[Po] = 102[1] [Q] = 107 7[1] Qi = 107% i=1,...,16
0 12x12 16x16 %) 10-10; ;=17
. 10 i=1,...,16
{Ko} = {0}12x1 [Po]" = 107[T]16x16 Pogigy = { 10% 2: e
{2} ={0}16x1 {¢,}" = {011

Initial values for estimated parameters:
Ko = 600; K401 = —200; K00 = —300;K5c0 = 450; K1 = —250;K;.c0 = —100;
Kieo = Kie1 = Kz = Krep = Kre1 = Krez = 0;
Fx, = Fyx, = Fy, = Fy, = 0; ¢ = 62°;

offset parameters of runout are assumed Ry = bum and v = 0°, and measurement
noise is added to the simulated forces. Signal to noise ratio (SNR) in the second set is
17.8 dB and 18.6 dB for the force signals F, and Fj, respectively. The cutting forces
from the two sets of simulations are shown in Figure 4.3. The initial immersion angle

in both simulations are assumed ¢, = 60°. In order to estimate the initial immersion

100 . -
7FX SlmfFY Sim

100 *FX SimfFY Sim
z z
‘% 50 \ = 50
o o
S S
2 2
ER 3 0
= =
E -50 £ 50

100 -100

0 0.005 0.01 0.015 0.02 0 0.005 0.01 0.015 0.02 0.025 0.03
Time [sec] Time [sec]
(a) (b)

Figure 4.3: (a)Simulated Forces (No runout No noise) based on cutting conditions on
4.1; (b)Simulated Forces (considering Ry = 5um and tool runout v = 0°, measurement
noise of 17.8 dB SNR in F, and 18.6 dB SNR in F))

angle of the tool, a Least Squares Estimation method is applied on the simulated
forces. In Figure 4.4, the results for ¢y show accurate estimation of 60°for the first
set, and 61.1°for the second set in presence of noise and tool runout. These values
are used as optimum estimation of ¢y in the RLS and KF methods.

In Figure 4.5, convergence of SFC is shown when the cutting forces resulting from
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Figure 4.4: Identification of unknown initial immersion angle, ¢o, based on error
estimation (residue) of batch Least Square Estimation for two sets of (a)No runout
No noise, (b)considering the effect of tool runout and noise

the first set of simulations (i.e. no runout and noise) are used in the RLS, KF, and
EKF algorithms. The initialization parameters applied in each of the three methods
are presented in Table 4.1. In Figure 4.5, RLS and KF algorithms converge to the
true values used in simulations. The effect of linearization errors in EKF is negligible,
and it converges to a true estimation value without considerable estimation bias. As
shown in this figure, the EKF algorithm, due to linearization errors, converges to a
biased estimation, but the estimation bias is negligible (2%). In the KF algorithm,
the runout forces also converge to the true value (zero runout). In the EKF, the initial
immersion angle ¢q is considered as an additional state variable, which converges to
its true value, 60°.

Figure 4.6 also shows the convergence of the RLS, KF, and EKF algorithms when
forces simulated in the second set (with noise and runout) are used. As illustrated
in the figure, RLS and KF converge to the true values with a negligible bias error.
This error is more tangible in Ky. and K. convergence diagram shown in part (a,c)
of the figure. The deterioration of the performance of the RLS and KF algorithms
is intensified with the error in estimating the initial immersion angle, ¢q, in the first
step of estimation process. The estimated ¢g used in RLS and KF is 61.1°, different
from true value 60°. As a result of this uncertainty in model parameter, a bias error is
anticipated to emerge in the identification results. In order to omit this bias error and
to remove the effect of the initial value of the estimated variables on the performance
of RLS and KF, we need to run the KF and RLS algorithms including actual value
of ¢y = 60°.

As shown in Figure 4.6, the SFCs, ¢y, and running forces are stable and converge
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Figure 4.5: Numerical simulation results without considering runout and measure-
ment noise. (a)—(d) Convergence of SFC estimated by RLS, KF, and EKF; (e) Initial

immersion angle estimated by EKF. (f)runout forces estimated by EKF during milling
process. Forces simulated using force coefficients:

K. = 641 — 235sin2 — 296¢c0s23
K,. =476 — 275sin23 — 131cos2f3
Ky = 4.7+ 6.4sin23 — 9.6cos23
K, =9.6 4 7.58in2 — 8.7cos2(3

¢ = 0.06mm/tooth, @ = 5000rev/min, axial depth of cut a = 0.8mm, At = 0.12ms,
and full immersion engagement.

to the true values of themselves as well.

A comparison of the estimated specific force coefficients for three methods RLS,

SKF, and EKF has been depicted in Figure 4.7. The numerical simulation results are
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Figure 4.6: Numerical simulation results considering measurement noise and tool
runout. (a-d) Convergence of SFC estimated by RLS, KF, and EKF; (e)Initial immer-
sion angle estimated by EKF. (f)runout forces estimated by EKF during the milling
process. (g)Comparison of actual vs. estimated running forces. Forces simulated us-
ing force coefficients in previous figure. ¢ = 0.06mm/tooth, Q2 = 5000rev/min, axial
depth of cut a = 0.8mm, At = 0.12ms, and full immersion engagement. Runout
parameters are assumed Ry = 10pum, v = 0°, and signal to noise ratio (SNR) is 15
dB and 18 dB for the force signals F'x and Fy
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Figure 4.7: Identification of SFC from the forces numerically simulated at ¢ =
0.1mm/tooth

used as proof of concept for validation of mentioned methods in milling of CFRP. It

also shows that equations in algorithms are correct and working well.

4.5.1 Effect of the initial value of the estimated variables

the initial starting point of the recursive process in Extended Kalman filter plays
a big role in convergence of the estimated parameters to their actual values. The
initial value of the estimated variables are presumably the best estimations prior to
receiving any measurement. Therefore, in presence of a large error in guessing the
initial values, the first order approximation used in the linearization will be poor
which leads to divergence occurrence problem. Even with perfect arithmetic and zero

uncertainty in the model, this poor approximation could cause a slower transition
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phase in the convergence process.
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Figure 4.8: The effect of different initial value of ¢g on the performance of EKF
identification method

As you can see in Figure 4.8, three different random initial values have been se-
lected for the parameter ¢g, and the response of the identification EKF algorithm has
been plotted for these different initial values. The more the initial guess is close to
actual value of ¢y, the sooner the estimated parameter converges to it, and the tran-
sition phase is shorter. By choosing ¢y = 60°as the initial value, EKF identification

method has its fastest convergence.

4.6 Experimental Study

The importance of experimental study is to show the accuracy and viability of pro-
posed numerical analysis in an actual process. Mechanistic force models establish the
relationship between cutting force and machining parameters by using data fitting
methods [17]. Establishment of force models in conventional methods requires lots
of experiments which is time-consuming and not efficient. In this work, actual mea-
sured cutting forces are used to identify the SFC in milling of CFRP by using online
methods such as Recursive Least Squares (RLS) and Kalman filter (KF).
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The Extended Kalman filter can diverge if the reference about which the lineariza-
tion take place is poor [106]. In the mechanistic force model presented in Section 4.4.3,
the estimated parameters of Equation (4.24) are the reference variables about which
the model is linearized. One of these variables is ¢y which the linearization is poor
about it. So, poor linearization of ¢ causes a large error in initial states f(o_ and
covariance matrix F, . A very large F; combined with low-noise measurements at
the first step will cause the P matrix to “jump” from a very large value to a small
value in one step. In principle, this is permissible. However, this can lead to numeri-
cal problems. A non-positive-definite P matrix at any point in the recursive process
usually leads to divergence.

Also, because the error in initial value of (/35 is large, the first-order approximation
used in the linearization will be poor, and divergence occurs, even with perfect arith-
metic. Due to these reasons, EKF has not been used in the experimental analysis in
this section.

Mechanical models apply metal cutting theory to relate cutting force to milling
process parameters, such as tool geometry, feedrate, etc. Mechanical models for
milling of fiber-reinforced PMCs are developed on the basis of metal cutting theories.
The limitation is that the detailed cutting mechanism of fiber-reinforced PMCs ma-
chining is neglected, which results in inaccurate prediction of cutting forces in some
of the fiber orientations. However, it has been shown that using a simplified mecha-
nistic cutting force model in the identification algorithm could also deliver acceptable
results which can be used in online application.

In this section, measured cutting forces are used instead of the numerical simulated
forces to identify the SFC in milling of CFRP. The results will be shown in 6 different
fiber orientations by using both RLS and KF approaches.

4.6.1 Variation of CFRP fiber orientation

According to Hintze et al. [29], two factors mainly influence the occurrence of un-
cut fibers and delamination in contour milled CFRP parts. These parameters are
fiber cutting angle and tool wear. Due to anisotropic properties of CEFRPs, they dis-
cussed that delamination and machined surface quality changes with different fiber
orientations and tool conditions.

Figure 4.9 depicts images of the milled slot in material with different fiber orien-

tations but the same tool geometry. As shown in their article [107], there are two
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regions denoted by critical and non-critical areas and marked by red and green colors,

respectively. For directions # = 0°, 30°, 60°, delamination happens exclusively in front
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despite $>90°
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Figure 4.9: Quality in milling of CFRP for different fiber orientations 8 = 0°, 30°,

60°, 90°, 120°, 150°[107].
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of the tool in feed direction where the fiber cutting angle is between 90-130 degrees
(critical area). The other directions 6 = 90°, 120°, 150°show damages on the up- and
down-milled edges.

In this work, only the effect of fiber cutting angle has been considered in identifi-
cation of SFC due to its higher importance. In order to measure the tangential and
radial forces, slot milling tests have been conducted in six different fiber orientations
(0 = 0°, 30°, 60°, 90°, 120°, 150°) for Uni-Directional CFRPs. The CFRP composite
used in the milling tests were fabricated from resin polymer and carbon fibers of 60%
volume. Two different types of Uni-Directional laminates consisting 20 plies with the
thickness of 0.8 mm at each layer and fiber orientations of 0°and 90°are selected in
the experiments.

The machining conditions for each test were as follows: Spindle speed was 3000
round/min, axial depth of cut was 0.8 mm, and radial depth of cut was 9.525 mm.
The milling process was performed by using a 2-flute Tungsten Carbide end mill with
3/8” diameter and 3° normal rake. Cutting forces were measured by a Kistler 9255
table dynamometer, Cutpro application was used to store and process the measured
force signals. More information on milling conditions has been provided in Chapter
2, [100].

4.6.2 Chip thickness and tool rotation angle

From the measured forces F, and F,, we can obtain the forces in tangential and radial
directions, f; and f,, as it was shown in Equation (4.8) in previous section. This
projection transforms the measured forces from global coordinate system attached to
the CNC machine table to the coordinate system attached to the tool. Force f; is in
the cutting speed direction while force f, is in the radial direction perpendicular to
Jr.

For smoothing noisy data, a moving-average filter is usually used as a common
method. We implement a moving-average low pass filter which slides a window of
length windowSize = 15 along the input force vector, computing averages of the
data contained in each window. A zero-phase version of the digital filter is obtained
here using the Matlab function filtfilt in which the filter takes a few time samples
to adjust to the signal and smooth the force data with a slight phase delay. By then
filtering backward in time, we can cancel out the phase delay. In Figure 4.10, the

cutting forces f; andf, are plotted as a function of the engagement angle, ¢;, for
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Figure 4.10: Measured Forces vs. Tool rotation angle, in milling UD CFRP for one
flute engagement

six different fiber orientations in a full engagement of tool-workpiece during a single
half-rotation of tool. Figure 4.10(c) is the lateral forces which is plotted according
to Fla = \/W As shown in Figure 4.10, maximum forces f; and f, do not
necessarily occur at ¢; = 90°due to anisotropic property of composite materials. The
extrema magnitude depends on the fiber cutting angle 8 and actual depth of cut.
The mean value of the measured cutting forces at each half-rotation is plotted in the
figure. This mean value has been calculated by taking the average of cutting forces
over the entire period of data measurements.

While plotting the measured cutting forces for each one of these six different
fiber orientations, 6 = 0°,...,150°, the initial value of the parameter ¢, should be
first identified in the same way explained in Section 4.4.1, and then, we can plot
the measured forces versus rotation angle ¢;. Therefore, the accuracy of the plotted
forces in Figure 4.10 strongly depends on the correct estimation of unknown initial
immersion angle ¢q. In Figure 4.11, cutting forces are plotted over the fiber cutting
angle f. Maximum cutting force f; happens at § = 90°. It is also shown that
maximum radial force f, usually occurs around 5 = 135°. These results are consistent
with the results in the previous studies done by Wang et al. [17], and Zaghbani et al.
[108].
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Figure 4.11: Measured Forces vs. Fiber cutting angle, in milling UD CFRP for one
flute engagement

The effect of cutting mechanism can be illustrated in Figs. 4.10 and 4.11, where the
magnitude of the peaks of f; in fiber orientations § = 30°and 60°has the highest value
due to cutting mechanism related to shearing or debonding at fiber/resin interface
and bending and subsequent breaking of carbon fibers. At 8 = 0°, shear fracture of
fiber perpendicular to fiber direction happens in the maximum chip thickness area.
At 6 = 90°which has the minimum amount of cutting forces, fiber/resin interface
separation occurs which is dominated by in-plane shear stress in the area around
¢ =90°.

4.6.3 Parameters estimation methods

In the mechanistic force model, cutting forces are proportional to chip thickness and
axial depth of cut. This relationship is defined by specific force coefficients (SFCs),
which are considered as unknown variables in experimental analysis, K., Ky, K, Kre.
Two identification methods of Standard Kalman filter and Recursive Least Squares
are used to estimate SFCs recursively for the experimental studies.

In addition to force coefficients, runout forces, F,, Fy, can be also modeled as

unknown parameters in kalman filter algorithm to increase the accuracy of estimation
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results as well as identifying the runout effect during the milling process without
having prior knowledge about tool eccentricity.

In order to reduce the complexity of model, the number of unknown parameters
are decreased by considering the Edge force coefficients K. = 4.7N/mm and K,, =
9.6 N/mm as known parameters calculated from the average-force method in previous
study. So, these known edge force coefficients will be directly applied to the estimated
forces in RLS algorithm as constant values. Therefore, the following variables are used
in the estimation process in kalman filter. In RLS method, the first six parameters

are considered as the unknown variables:

Variables : [[A(tcOa [A(tch [A(tc27 [A(rc(% Krcla f(rc% FF”XM FL’XT) F’Ym ﬁYr]; (433)

4.6.4 Standard Kalman filter results

Unknown parameters in Equation (4.33) are used as state variables the state space
model in Kalman filter algorithm. Chip thickness and depth of cut are defined as in-
put to state model while the cutting forces are output. The goal is to estimate state
variables, including cutting force coefficients and runout forces by using a Kalman
filter state observer. Estimation algorithm is executed for six different fiber orien-
tations 0=0°, 30°, 60°, 90°, 120°, and 150°; and the results are depicted in Figures
4.12-4.17, respectively.

Table 4.2 shows experimental results for variation of estimated cutting force co-
efficients and cutting forces in milling of CFRPs for different fiber orientations. The
magnitude of the minimum and maximum values for the cutting coefficients and cut-
ting forces has been reported in this table. The values for the cutting coefficients
are estimated from the Kalman filter algorithm while the cutting forces are measured
and read from the dynamometer. This table shows the effect of different cutting
mechanisms in various fiber orientations on the specific force coefficients.

The maximum value for cutting coefficients occurs when #=120°in which K. and
K, reach to 850 [MPa] and 1250 [MPal, respectively. According to R. Voss [107], as
shown in Figure 4.9 for fiber orientation #=120°, beam breakage and fraying happens
around the down-milled edge of the tool-workpiece engagement where fiber cutting
angle, 3, is closed to 90°. So, this direction cannot be analyzed in details due to
fraying effects at the down-milled edge and deficient stability of the unidirectional

material which results in higher energy consumption for the cutting process.
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Figure 4.13: Kalman filter results for 8 = 30°
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Table 4.2: Experimental results for variation of cutting force coefficients and cutting
forces in milling of CFRP for different fiber orientations

Fiber Orientation | K;(MPa) | K,.(MPa) | Fx(N) | Fy(N)
0° max 645 639 44 21
min -10 -255 -5 -47
300 max 971 989 59 19
min 395 -4 -6 -93
60° max 955 855 63 18
min 142 140 -13 -41
00° max 525 662 40 20
min 133 0 -20 -26
120° max 850 1250 59 33
min 94 -35 -15 -36
150° max 655 711 37 27
min 200 -62 - -26

The force coefficients are supposed to have positive values. However, there are
some negative values in three cases #=120°, 150°, and 0°for radial cutting coefficient
K,.. At all three fiber orientations, critical zone occurs at the up and down-milled
edges where the fibers tend to bend and evade the cutting edge instead of being cut-off
in the up and down-milled edges.

It should be noticed that since the mathematical model of cutting process is highly
sensitive to the value of some parameters such as ¢g, a small deviation of this initial
parameter from its actual values will result in big error in estimation of other state
space variables.

The best values for matrices [P], [Q], and [R] in the Kalman filter algorithm
have been chosen manually. Kalman filter is a model-based observation method. If
the mathematical model of system doesn’t represent the actual behavior of system,
there would be significant biased error in estimation results. In other words, if the
mechanistic model used in identification process does not fully represent the actual

milling operation, we could not expect an accurate estimation of model parameters.

4.6.5 RLS results

The estimated values for the specific cutting force coefficients f(tc and Krc are plotted
in Figure 4.18. The RLS method is used in identification of these parameters for six

different fiber orientations are presented in Figure 4.18. The results show a good
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One case

study with fiber orientation §=30°is chosen to show the L-curve and the convergence

of predicted cutting forces in Figure 4.19.
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Figure 4.18: Experimental results for estimation of specific cutting force coefficients
in six different fiber orientations using RLS method

4.7 Model Prediction for Multi-Directional CFRP

Laminates

Multi-directional CFRP consists of a number of unidirectional layers, and the cor-

responding total cutting forces are calculated by summing the force related to each

unidirectional fiber layer.
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Figure 4.19: (a) Variation of the average of the diagonal elements of error covariance
matrix by time steps. Threshold chosen 0.686 for algorithm termination limit.

(b) Comparison between measured and estimated cutting forces during milling of
CFRP; feedrate=0.06 mm /teeth, depth of cut=0.8 mm, Spindle speed 2=5000 RPM,
fiber orientation #=30°, tool feed direction 1=330°, and full-immersion contact be-
tween tool/workpiece.

For the milling of unidirectional composites, estimation of force model parameters
was done based on the instantaneous prediction of specific cutting force coefficients
(SFC) in previous section. However, the goal in this section is developing mechanical
model from UD-CFRP to MD-CFRP, and predicting cutting forces in milling multi-
directional composite laminates. A layup sequence of laminates with fiber orientations
[150°/60°/150°] was selected randomly in the experimental test, including 3 layers with
thickness of 0.8 mm for each layer.

In this section, the mechanistic force model is presented to calculate the overall
milling forces for multidirectional CFRP laminates based on superposition principle.
Then, the predicted and experimental results of specific force coefficients estimation
is compared as well as the cutting force in the figures.

The chip thickness model presented in Equation (4.6) is used here again for the
MD-CFRP. It considers the trochoidal trajectory and tool runout parameters. The
instantaneous immersion angle of the 7" flute, ¢j, is assumed to be the same for all of
the layers at each time step. In reality, ¢; is affected by the helix angle on the cutting
tool. Therefore, depending on the depth of cut, we have a different value of ¢; for
each layer of the composites. However in the current study, because of having only 3
layers of thickness 0.8 mm, we neglect the effect of helix angle as an assumption to
simplify the model.

Another assumption to simplify the force model and reduce the complexity of the

state space model is neglecting the interlaminar effects between the composites layers.
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However the interlaminar effects have been already included in the SFC estimation
results.

The tangential and radial cutting forces in multidirectional laminates are consid-
ered as summation of cutting forces on each layer. The layer number is denoted by
superscript (i) in Equation ( 4.34), where Kt(é), Kﬁc),Kt(é , and K\ are the specific
force coefficients of the (i )th layer in tangential and radial directions. a¥ is axial depth
of cut for the layer (i) which could be also referred to the thickness of each layer.
Most of the composites parts have layers with the same thickness. Chip thickness is

also denoted by h(g;) in the following equation:

Zm—Z(?%wM+@WW
=1 (4.34)

Zﬁj—Z(ﬁh a® + Kl .a®)
i=1
Specific Force Coefficients are treated as unknown parameters of the force model,
So the Kalman filter algorithm will results in estimation of these parameters for the
multidirectional composites.

To reduce the complexity of cutting force model, edge force coefficients Kt(ei) and
K are assumed to be constant numbers which have been already determined from
the average force method. This assumption was similarly considered in some other
works previously published by R. Voss et al. [107], J Xiao et al. [109], F. Wang et al.
[110], Q. An et al. [98].

K = K9+ K& sin(28) + K cos(2)

KW = K9 4+ K9 sin(28) + K%, cos(28) (4.35)
K=K

K%Y = K9,

By using Equation (4.4) (8 = ¢; + 0), and then, substituting Equation (4.35) in
the main force model (Equation (4.34)) and considering the tool rotation angle, ¢,

for each flute j in the heaviside function g(4,), refer to Equation (4.9), we have the
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following form of equation:

N ! , ) _
fe=2" 965 2 [(Kt(ﬁ% + Kisin2(¢; +09) + K cos 2(¢; + 0C )> higy-a® + K. }
=1 i=1

fr= f) 9(6,) zl: [( o K,?pan(ng 69) + ( by cos 2(¢; + 0 )).h(¢j).a(i) + Kr(?.a(i)}
T (4.36)
Using trigonometric identities formulas, (sin (a + b) = sin a. cosb+sinb. cosa) and
(cos (a + b) = cosa.cosb—sina.sin b), we can break the terms sin and cos down into

separate components. Therefore, Equation (4.36) can be rewritten in the following

form:

N !
fi=>. 96;) > [( tcO + Kt(él(sm 2¢;. cos 20 4 ¢in 20 cos 2¢j)+
j=1

=1
JrKt(cQ (cos2¢;. cos 26 — sin 2601 sin 2¢j)) g0l + Kt(ei)'a(i)i|
Z 9(e;) Z [(Kﬁc)o - Kr(d (sin2¢;. cos 20" + sin 200, cos 2¢; )+

—i—Kfc)Z(cos 2¢;. cos 20 — sin 20 sin 2@)) higyy-al + Kﬁ?.a(")}
(4.37)
One more simplification step and rearranging the terms in Equation (4.37) will

result in cutting forces as a function of equivalent specific force coefficients shown in
Equation (4.38):

N
fi= 32 9oy a0 | (K + KL sin 265 + K{&) cos 20,) b,y + K1 |

7j=1
N
f, = .Zlg(d’j) aled) [(K(eq) + K(e sin 2¢; + Kﬁig) cos 2¢j).h(¢j) + Kﬁiq)]
=
(4.38)

where the equivalent coefficients of the mechanistic force model could be extracted
explicitly as functions of fiber orientation angle of each layer, 8, and the character-
istic properties of layers. Equation (4.39) shows these model parameters, and how

properties of each layer (i) and plies layup influence the overall SFC in milling of
MD-CFRP composites.
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LT (ca) _ = [ (i) (a) _ = [ (i)
a’(BQ) = Z |:a(2)i|7 Ktc[) - Z (Ktco); KrcO = Z (KTCO>

i=1 i=1
tcl = Z( i cos (200)) — 28111 (20) )
7
K = > (th sin (209) + KU cos (200) (4.39)
7
K :Z< @ cos (200) — K% sin (2600 )

=
K —Z( ) sin (209) + K1) cos (200 ))

In order to determine the force model parameters in milling of MD-CFRPs, it is
necessary to know the value of the equivalent force coefficients K\°?, K\ K9
KD g0 gD g and K9, These coefficients could be estimated numerically
or experimentally by using the Kalman filter observer algorithm. However, each one
of these equivalent coefficients has been shown as a trigonometric combination of
unidirectional layers force coefficients and their corresponding fiber orientations angle
0@ as shown in Equation (4.39).

We can rewrite the cutting force model by mapping the cutting forces from the
tangential and radial directions to the feed and normal directions using transformation

matrix presented in the following equation:

Fx | & X fo | ¥ _ cos(¢;)  sin(e;)
{Fy }—;g(@)ﬂ {fr } T; [_Sin(¢j) Coswj)] (4.40)

Now, by substituting the equivalent coefficients, Equation (4.39), into Equation
(4.34), we can rearrange the feed and normal forces, Fx and Fy, in a linear matrix

form in MD laminate composites. Runout forces are also considered as unknown
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parameters in the modeling:

hg;) cos ¢; —hg;) sin ¢; Kfﬁg
hig;)sin2¢; cos ¢;  —hes,ysin2¢;sing; | | K\
() COS 2¢; cos ¢;  —hyg,) cos 2¢; sin ¢; Kffg
h(g,;)sin ¢; h(g,) cos ¢; K«
hig,) sin2¢;sing;  hg,)sin 2¢; cos ¢; K
{ Fx } _ g: o(6:).a ;) cOs2¢;sind;  hg,) cos 2p; cos ¢; K

Fy j=1 fa oS ¢; — sin ¢; K«
sin ¢, oS ¢, K
1 0 Fy,
0 0 Fx,
0 1 Fy,
o o | A
(4.41)

4.7.1 Simulation results for MD-CFRP

In this section, firstly we show numerical simulation results for a layup sequence of
three laminates with different fiber orientation formations [0°/0°/0°], [90°/90°/90°],
and [150°/60°/150°], which were selected arbitrarily to show the cutting forces in feed
and normal directions, X and Y.

The cutting force coefficient (SFC) are as same as Equation (4.32) except the
edge force coefficients which are considered as constant values. The other cutting
conditions are ¢ = 0.06mm/tooth, Q@ = 5000rev/min, axial depth of cut for each
layer a = 0.8mm, At = 0.039ms, and full immersion engagement. Figure 4.20 shows
the cutting forces for these three different formation of laminates generated by using
the Equation (4.41). Although layup [0°/0°/0°] and [90°/90°/90°] could be considered
as unidirectional laminates with depth of 3 x a, the resulting cutting forces are not
the same due to effect of fiber cutting angle 3 for each formation.

In order to investigate the performance of Kalman filter on the estimation of SFC
in milling MD-CFRP, the layup [150°/60°/150°] is chosen for the numerical analysis.
Runout effect and noise on cutting forces have been also considered in the model. The
initial tool rotation angle is selected ¢y = 0°. Figures 4.21(a-b) shows the equivalent
SFC, presented in Equation (4.41). part (c) and (d) also show the estimated runout

forces and estimated cutting forces, respectively.
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Figure 4.20: Numerical simulation of cutting forces in milling multi-directional(MD)
laminates for three different formation of fiber orientation angle 6 including [0°/0°/0°],
[90°/90°/90°], and [150°/60°/150°] (a)Fx; (b)Fy;
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Figure 4.21: Numerical simulation results for milling Multi-directional laminates
[150°/60°/150°] using Kalman filter method. (a) Cutting force coefficients estimation;
(b) Edge force coefficients estimation; (c¢) Runout forces estimation; (d) Simulated
and estimated cutting forces F'x, Fy.

Equation 4.39 is an important equation which gives us the ability to identify the
specific force coefficients Kt(zz), Kt(g, Kt(g, Kﬁ?o, Kﬁ?l, K,E?Z, Kt(z), and K\? from the
estimated equivalent force coefficients K'Y, K{°? .... In most of the applications,
the properties of fibers and matrix such as strength and density of fibers, matrix

. . : 1
material, shearing stresses in layers are the same, so we can assume that Kt(cg =



105

Kgg = ... = t(é% Therefore, the Equation (4.39) will change into a system with

the same number of equations and unknowns which has a single unique solution for
SFC. The numerical simulation results also shows that the equations presented in this

section are applicable for any arbitrary layup of composites.

4.7.2 Experimental study on milling MD-CFRP

The presented Kalman filter method in section 4.4.2 is applied here to estimate the
SFCs and runout forces contribution to the experimental measured forces. The initial
immersion angle is estimated ¢y, = 40°from the prior analysis discussed on previous
section 4.4.1. It is identified based on the minimization of the error using least squares

estimation(LSE) method discussed previously. In Figure 4.22a, the minimum and
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Figure 4.22: Experimental Analysis results results for milling Multi-directional lam-
inates [150°/60°/150°] using Kalman filter method. (a) Cutting force coefficients
estimation; (b) Runout forces estimation; (¢) Comparison of measured cutting forces
and the forces estimated using Kalman filter method.

maximum values for the equivalent coefficient [A(t(f@ converge to 669 and 351 [MPal,

respectively. These values are 815 and 273 [MPa] for K\c?. Figure 4.22b depicts the
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estimated runout forces. The forces estimated by the KF algorithm are compared
against the measured ones in Figure 4.22c.

The estimated cutting forces appear to be reasonably accurate. The relative errors
between the predicted and experimental value at the feedrate ¢ = 0.05mm /tooth/rev
are less than 10% which is within a reasonable range for experiments. Three layers
are being cut with the total 2.4 mm depth of cut and with spindle rotational speed
of © = 5000 [RPM].

4.8 Comparison of Online Identification Methods

In Chapter 4, all of the three methods EKF, KF, and RLS were shown to be capable
of identifying the SFC in full-immersion operations in numerical simulations. The
predicted cutting forces follows the measured ones with an acceptable deviation from
the actual values. However, due to the uncertainty in the used mechanistic force
model and unmodelled parameters, the EKF does not converge for the estimation of
the state variables in the experimental studies.

The runout parameters need to be measured accurately and modelled properly in
the RLS algorithm in order to increase the convergence accuracy of identified specific
force coefficients, while in KF and EKF methods these runout forces can be considered
as additional state variables and being identified in the algorithm. The advantage of
KF and EKF methods over RLS is in their capability to identify the SFC without
a prior knowledge of the runout parameters. When an accurate measurement of the
runout parameters is available, the application of RLS is more advantageous, because
information about the process and measurement noise is not required. One important
advantage of the EKF over RLS and KF methods is that the initial immersion angle of
the tool was considered as an additional state variable. Therefore, it does not require
the determination of initial immersion angle in the first stage of identification.

According to part (a) in Figures 4.12 to 4.17, the overall performance of the pre-
sented online methods in prediction of the cutting forces in better than the average-
force method presented in Chapter 2. This higher accuracy is because the SFC re-
sulting from the average method are identified for a range of feedrate values, whereas
in the online presented methods, they are adaptively calibrated for the specific fee-
drate that is being used in the operation. The identified SFC from both RLS and KF
methods are similar to each other with slight differences due to different number of

state variables used in each method.
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The convergence rate of the mentioned methods are also different. Because EKF
linearizes the nonlinear system at each time-step of the algorithm, it converges slower
than KF while the RLS algorithm converges the fastest as it involves a fewer number
of variables.

The computational complexity of the KF increases when the number of estimated
state variables or dimensionality of the measurement vector increases. Because EKF
linearizes the nonlinear system at each time-step of the algorithm, it converges slower
than KF. The RLS algorithm converges the fastest as it involves a fewer number of
variables. The number of state variables are reduced in the CFRP milling force model
by considering the edge force coefficients as constant numbers instead of periodic
functions with multiple coefficients. This decision reduces the complexity of the
model as well as the computational loads. The computation time of algorithms can
also be reduced using parallel computing. The matrix operations can be effectively
parallelized in the linear algebra library that handles the matrix operations. Thus,

we do not consider parallelization in this project.

4.9 Conclusions

Two recursive identification methods, including Kalman filter (KF) and Recursive
Least Squares (RLS), were applied to estimate the parameters of the mechanistic
force model in the milling of Unidirectional CFRP composites. The RLS method is
more straightforward to implement, but it requires prior knowledge of tool runout
parameters.

The KF method does not need knowledge of runout parameters, but designing
the filter requires tuning measurement and process noise covariance coefficients. The
performances of the presented methods were validated by numerical simulations and
experimental studies. Both methods were shown to be accurate in predicting the
machining forces and converging to similar force models for the applications of process

monitoring, control, and optimization.
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Chapter 5

Application of Online Identification
Methods in Future Works

In this chapter of the thesis, the applications of the model identification methods,
presented in Chapters 3 and 4 are studied. It is shown that how implementation of

these methods could enhance the composite material machining process.

5.1 Virtual Model Assisted Adaptive Control in
Milling Process

Force and Specific Cutting Energy (SCE) control are known as an indirect means of
controlling delamination. The extent of delamination is correlated with the level of
cutting forces. Also, SCE is a measure of machinability of the material and there-
fore could be correlated with delamination. The correlation between forces and SCE
and the resulting delamination has been already investigated experimentally in the
literature. For example, the influence of fiber orientation, tool geometry, and process
parameters has been studied on material surface quality during CFRP milling, pre-
sented by R. Voss et al. [107]. However, there is a gap in the knowledge regarding
online control of delamination during the CFRP milling process.

In this section, two algorithm are proposed in Figure 5.1 and Figure 5.2, which
illustrate the general flowchart of the proposed force and SCE control algorithms. In
both algorithms, feedrate is used as the control variable.

As shown in Figure 5.1 and Figure 5.2, both of the control systems consist of

three main components: 1) milling process model shown in red block, 2) virtual
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model shown in blue block, and 3) adaptive control algorithm shown as black block.
The adaptive control algorithm (black block) is readily available in metal cutting
literature [111, 42], but there are fundamental differences between milling process
model (red block) and virtual model of CFRP and metal cutting (blue block). The
presented results in previous chapters can be directly used in development of these

two components in this research.
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Figure 5.1: schematic block diagram of the adaptive force control system integrated
by virtual system

The blue block in Figure 5.1 and Figure 5.2 is Virtual Machining System (VMS).
This system has different functionalities in force control (Figure 5.1), and energy
control (Figure 5.2).

In Force control, the VMS provides the reference force at every cutter location
along the toolpath. The maximum cutting force that will guarantee acceptable level
of delamination might be different at various cutter locations based on fibre orienta-
tion and cutter/workpiece engagement conditions. The reference force at each cutter
location will be determined by using offline simulations of the process in the VMS;
The mechanistic model with parameters that depend on fibre cutting angle in Chap-
ter 2 can be used in VMS. The model parameters (i.e. specific force coefficients) are

identified based on the offline regression of the milling forces. The computed reference
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force values are provided to the control system during the machining operation.

In SCE control, the VMS has an additional functionality. The reference SCE at
each cutter location will be determined using offline simulations of the process in
the VMS as well, and in addition to that, the VMS will estimate the SCE during
the process by combining the online force measurements and the cutter/workpiece
engagement geometry that is computed using offline simulations in Chapter 2. The
estimated SCE during the process can be calculated by using recursive identification
methods (i.e. recursive least square (RLS) and Kalman filter (KF)), presented in
Chapters 3 and 4.
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Figure 5.2: schematic block diagram of the adaptive energy control integrated by
virtual system

The red block in Figure 5.1 and Figure 5.2 show the milling process model which
correlates the commanded feedrate to the resulting forces. The composition of this
block is identical in both force and SCE control algorithms. The transfer function in
this block combines the dynamics of the feed drive and the milling process. While
modeling the feed drive dynamics is readily available from metal machining literature,
the dynamics of CFRP milling process is fundamentally different than milling metallic

materials. The mechanics of chip formation in CFRP milling depends on fibre cutting
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angle and the length of the fibre that is being cut, and these parameters change
periodically as the tool rotates.

Since the estimated model parameters identified by offline approaches lose accu-
racy when tool wear increases or cutting conditions change during the process, online
identification methods are being used in the process model (red block) to adaptively
recalibrate the model parameters during the process. The estimated model has been
proposed and discussed in Chapter 3 for the metallic materials, and Chapter 4 for
the CFRP composites.

The Adaptive control system, shown in black block, will be designed to keep the
peak forces and energy at a desired level by manipulating the feedrate in order to
avoid delamination and get a better surface finish and machinability. During the end
milling operation, cutting forces and SCE vary due to the variation in fibre cutting
angle and cutting parameters.

In Figure 5.1, after measurement of the cutting forces and comparing with the ref-
erence forces, the resulting error is adjusted by the adaptively controlling the feedrate
command to CNC machine. In Figure 5.2, if the level of computed energy exceeds
the reference energy level in virtual model, the adaptive controller can identify these
changes and send the corrective feedrate signal to CNC machine to keep the cutting
forces in a desired level.

A Recursive Least Squares (RLS) method can be used to estimate the parameters
of the adaptive controller based on the minimization of error between the command
feed and the feed estimated from RLS algorithm. The fundamentals of RLS has been
explained in Chapter 3.

5.2 Tool Condition Monitoring

Another application of the online identification methods, presented in Chapter 3
and 4, is tool condition monitoring. Online monitoring of machining forces is an
effective method for tool condition monitoring; however, in addition to tool wear and
breakage, machining forces are also affected by changes in cutter-workpiece engage-
ment and machining parameters. Therefore, tool condition monitoring using the force
signal requires a complex use of Virtual Machining Systems or signal processing meth-
ods to remove the effect of cutter-workpiece engagement and machining parameters.

Referring to Chapter 4, Specific Force Coefficients, on the other hand, are mainly

affected by the mechanics of chip formation only. As a result, SFC provide more
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sensitive measures for tool condition monitoring. For instance, Lin and Yang [85],
and later, Choudhury and Rath [86] used the relationship between flank wear and the
average SFC to estimate the extent of tool wear in milling processes. In their work,
SFC were estimated by offline processing of the average cutting forces.

Therefore, the recursive methods RLS and KF presented in Chapter 4 as online
schemes to monitor SFC led to the successful monitoring of tool wear during the
process since other studies verify that SCF are strongly affected by tool wear. As a
result, in addition to their application in mechanistic force models, SFC can be used

for tool condition monitoring as well.
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Chapter 6
Conclusion and Contribution

This thesis describes (1) the development of mechanistic force model for modeling
and identification of cutting forces in milling of Carbon Fibre Reinforced Polymers,
(2) online approaches for Identification of force models parameters in machining of
isotropic metallic materials, (3) Using recursive least squares and kalman filter meth-
ods in parameter identification of force models during milling CFRP composites, and
(4) innovative applications of the online methods in virtual machining system assisted
adaptive control of CFRP milling process, each of which is described in Chapter 2 to
5 in details. In the following section, a summary of key findings and future works for

each component are presented.

6.1 Modeling and Identification of Cutting Forces
in Milling of CFRPs

6.1.1 Summary of findings

e A mechanistic CFRP milling force model that considers the variation of the

chip formation mechanics in various fibre cutting angles was presented.

e A new method was presented to identify the periodic cutting force coefficients
based on the average milling forces measured during milling UD composite

layers.

e Numerical modeling and simulation of machining of multi-directional CFRPs.
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e Unavoidable characteristics of CFRP milling processes such as excessive tool

wear, fibre pull-out, and fibre peeling affect the accuracy of the presented model.

6.1.2 Recommendations for future works

e Analyzing the effect of other cutting process parameters such as tool wearing
factor, tool rotation speed, or axial depth of cut in the mechanics of chip for-

mation will results in more accurate force model.

e Studying the mechanics of delamination during CFRP milling processes and
developing analytical models that relate milling forces to the resulting delami-

nation.

e Studying the linkage between the variation of the cutting force coefficients and
the physics of chip formation at different fibre cutting angles may provide a

better understanding of the mechanics of the process.

6.2 Online Identification of Mechanistic Milling Force
Models in Milling Metallic Materials

6.2.1 Summary of findings

e Three online identification methods were presented to monitor the evolution of
Specific Force Coefficients (SFC) of linear milling force models for Aluminum

cutting

e Recursive Least Squares(RLS), Kalman Filter(KF), and Extended Kalman Fil-
ter (EKF) methods were shown to be capable of identifying SFC recursively at

every discrete time step during the milling process.

e Considering the effect of tool runout parameters in the estimation of SFC.

6.2.2 Recommendations for future works

e Extending the identification methods and simulation of cutting forces to other

machining processes such as drilling, turning, etc.
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e Developing the online methods for more complicated toolpath trajectories rather

than only slot millings.

e Real-time implementation of the proposed methods for a more effective pro-
cess monitoring during milling operations in order to use for in-situ calibration
of Virtual Machining Systems when they are used as the digital twin of the

machining process.

6.3 Recursive Identification of Cutting Force Model
Parameters in Milling of CFRPs

6.3.1 Summary of findings

e Two recursive identification methods, including Kalman Filter (KF) and Re-
cursive Least Squares (RLS), were applied to estimate the parameters of the

mechanistic force model in the milling of CFRP composites.

e Both Uni-directional (UD) and Multi-directional composite layups were anal-

ysed in numerical simulation and experimental studies.

e RLS method is more straightforward to implement, but it requires prior knowl-

edge of tool runout parameters.

e KF method does not need knowledge of runout parameters, but designing the

filter requires tuning measurement and process noise covariance coefficients.

e The mechanistic milling force model of UD laminates was developed for using

in MD laminates consisting multiple layers of plies.

e Both RLS and KF methods were shown to be accurate in predicting the ma-
chining forces and converging to similar force models for the applications of

process monitoring, control, and optimization.

6.3.2 Recommendations for future works

e Applying adaptive control of cutting forces on the CNC machine to prevent
machining induced damages. due to the application of tools with unconventional

geometries, materials with arbitrary layups, and accelerated tool wear in CFRP
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milling, implementing adaptive control of force and energy could be an effective

method to prevent delamaination.

6.4 Contributions

1. Numerical simulations are presented to prove the accuracy and validation of the

RLS, and Kalman filter approaches in milling of CFRP composites.

2. In order to consider the effect of tool runout and measurement noises on the
results, two different sets of numerical simulations are determined, one without
considering tool runout and noises, and the other analysis considering the effect
of runout and noises. The results for numerical simulation show consistency
between true values and estimated values of SFC using RLS and KF online

identification methods.

3. Experimental analysis is conducted for online estimation of SFCs based on ac-

tual cutting forces measured by dynamometer on the CNC table machine.

4. Range and accuracy of experimental results using online RLS and Kalman filter
methods are acceptable and in some cases more reasonable than offline identi-

fication approaches such as average force method.

5. Using Kalman filter also gives the opportunity of identifying runout forces dur-

ing the milling process which adds to advantages of proposed online methods.

6. The mechanistic force model was also developed for the multi-layer compos-
ites and the experimental analysis was implemented for the identification of the
SFCs, and the cutting forces during milling of multi-directional laminate com-
posites which shows a successful extension of the mechanistic force model from
the uni-directional to multi-directional composites while there is good agree-

ment between the experimental and simulation results.
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Appendix A

Entries of Matrix B

The non-zero entries of the matrix a (6,) given in Equation (2.13) are provided in
Table A.1 for downmilling, half-immersion, ¢, = 90°, ¢. = 180°, with a two fluted
tool (N = 2) and assuming 1 = 0.
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Table A.1: A Matrix Entries for downmilling

a

a1 = 57

aiz = —1%

ar5 = 1/8a7r71/4ﬂa7r (cos(6))?

a1,6 = ;asin (6) cos (6)

(19 = —a/2+a(cos(9))2+7:/4 am sin(6) cos(6)
a0 = —1/8an+1/4ar (Cofr(e))Q—asin(e) cos(6)
azp = a/m

asy = —a/m

I 2/3a—4/3 a(COS(Q));+2/3asin(6’) cos(6)
Qg = —L3+2/3alcos(O)) +4/3asin(f) cos(h)
g1 = —2/3 a+4/3 a(cos(9))*4+2/3 asin(8) cos()
19 = —a/3+2/3a(cos(e))j—zi/sasin(e) cos(6)
as1 = CL/4

as3 = 5=

ags = a/2—a(COS(9))2—iT/4a7r sin(6) cos(8)
a6 = 1/8 am+asin(6) cosgre)q Jdar (cos(8))?
azg = 1/8 “”_1/4;” (cos(0))*

as0 = zasin () cos (0)

Qg2 = CL/7T

Q44 = CL/?T

(g7 = 2/3a=4/3 a(COS(G)):_2/3asin(9) cos(6)
T a/3*2/3a(COS(B))ir+4/3asin(9) cos(6)
i1y = 2/3a—4/3a(cos(9));+2/3asin(e) cos(0)
Q412 = —a/3+2/3 a(cos(0))*+4/3 asin() cos(6)
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