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Summary 

Titanium is one of fourth most abundant structural metal in earths soil. It is in 

a composition with other elements, forming titanium alloys. These alloys are 

used in many different areas, such as medical, energy and sports, but is most 

commonly used in aerospace applications. Titanium alloys have different solid 

phases, α, α+β and β depending on temperature and the amount of α and β-

stabilizers. 

When machining titanium alloys, one of the most important factors to control 

is the temperature in the cutting zone. The built-up heat in the cutting edge of 

the tool, are connected to titanium alloys low thermal conductivity and high 

heat capacity, which means that the alloy has low heat conduction from the 

cutting zone. The temperature is strongly depending on the cutting speed, 

which is the relative speed difference between the cutting tool and the 

workpiece. Many studies and research work have been conducted surrounding 

this fact, focusing on the physical and chemical quantities, to model tool wear 

progression and how this affects the tool life and the metal removal. These 

models are often implemented and analyzed in finite element software 

providing detailed but time-consuming solutions.  

The focus for this work have been on developing a suitable tool life 

expectancy model, using design of experiments in combination with 

metamodeling to establish a model connecting cutting parameters and 

measured responses in terms of tool life, from a conducted milling 

experiment. This models where supposed to provide a platform for customer 

recommendation and cutting data optimization to secure reliable machining 

operations. The study was limited to focus on the common α+β titanium 

alloy 6Al-4V. The outcome and conclusion for this study, is that the tool life is 

strongly connected to the choice of cutting speed and the radial width of cut 

and that these parameters can be predicted by the two models that have been 

develop in this project. The models ensure the highest possible metal removal 

rate, to selected parameters. 
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Sammanfattning 

Titan är en av jordskorpans fjärde mest förekommande metaller för 

konstruktionsmaterial. Det är när titan komponeras med andra 

legeringsämnen som titanlegeringar skapas. Dessa legeringar används inom 

många olika områden, till exempel inom medicinteknik, energi och sport, 

men är mest förekommande inom flygindustrin. Titanlegeringar kan 

förekomma i olika fasta faser, α, α+β and β beroende på temperatur och 

mängden av α- och β-stabilisatorer tillsatta i legeringarna. 

När titanlegeringar bearbetas, är en av det viktigaste faktorerna att 

kontrollera, temperaturen i skärzonen. Den omfattande värmeuppbyggnaden i 

skäreggen är starkt kopplad till den låga värmeledningsförmågan och den 

samtidigt höga värmekapaciteten för titanlegeringar, som gör att 

bortforslingen av värme från skärzonen är låg. Temperaturen är starkt 

beroende av skärhastigheten, vilket är den relativa hastighetsskillnaden mellan 

skärverktyget och arbetsstycket. Många studier och mycket forskning har 

gjorts kring detta faktum, med inriktning på de fysikaliska och kemiska 

kvantiteterna, för att modellera utvecklingen av verktygsförslitningen och hur 

detta påverkar verktygets livslängd och avverkningshastighet. Dessa modeller 

implementeras och analyseras i regel i mjukvaror som tillämpar finita 

elementmetoden och ger detaljerade men tidskrävande lösningar.  

Fokus för det arbetet har varit att utveckla en modell för prediktering av 

verktygslivslängd hos fräsverktyg, med hjälp av experimentdesign i 

kombination med metamodellering. Det här för att kunna upprätta en modell 

som kopplar samman skärdata med uppmätta data, i form av 

verktygslivslängder från ett fräsexperiment. Dessa modeller var tänkt att 

tillhandahålla en plattform för kundrekommendation och möjliggöra 

optimering av skärdata för att säkerställa pålitlig bearbetning. Studien 

begränsades till att fokusera på den vanligt förekommande α+β- 

titanlegeringen 6Al-4V. Slutsatsen i denna studie är att verktygslivslängden är 

starkt kopplad till valet av skärhastighet och det radiella djupet, och att dessa 

parametrar kan predikteras av de två modeller som har utvecklats i detta 

projekt. Modellerna säkerställer högsta möjliga avverkningshastighet, till valda 

parametrar. 
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1 Introduction 

Titanium (Ti) is one of the fourth most abundant structural metals in the earth’s soil 

[1] and are used in a lot of different industry segments and applications – medical, 

energy, automotive, sports and more, but is most widely used in the aerospace 

industry. Some of the driving factors for developing new technologies and materials 

within the aerospace sector follow from fuel costs. Other driving factors is the new 

tougher emission standards for the environment that have been set, as follow from 

the growth in air traffic and therefore the higher impact on the environment. One of 

these is the Clean Sky 2, a European program which has set demanding levels to 

achieve in terms of the oxides of nitrogen (NOx) and carbon emissions (CO2). 

Some more have been set by ERA (Environmentally Responsible Aviation), NASAs 

N+2 project, which is including 75 percent lower level of NOx, 50 percent lower 

amount of burned fuel then the current standards [2]. 

To reach the goals, less total weight of aircrafts and more efficient engines are key 

factors. With this follow more complex designs in terms of material use 

optimization in both engines and structural components of the aircrafts and new 

stronger and lighter materials must be developed, such as different titanium alloys. 

Titanium alloys have the ability to meet several important requirements, such as 

withstand demanding stresses, high heat capacity, low thermal conductivity, 

toughness, good corrosion resistance and still have an acceptable weight [3]. In 

terms of machinability, Ti-alloys are generally known as demanding. This may 

require a planned and structured operation process when machining, especially for 

high value components [4]. 

1.1 Background 

Titanium alloys can be classified in four main categories or more precisely phase 

conditions, alpha (α), near alpha, alpha + beta (α+β) and β-titanium. In terms of 

milling machinability, the phase condition of the alloy is the most affecting 

parameter, where β-Ti are more demanding then α-Ti [5].  

When machining and more specifically milling in Ti, the cutting speed, vc, is an 

important parameter. The cutting speed can be described as the relative speed 

between the cutting edge of the tool and the workpiece material [4], [6]. The reason 

why vc is an important factor is that Ti-alloys have a low thermal conductivity and 

high heat capacity which leads to high temperatures in the cutting zone. The 

temperature in the cutting zone can be controlled by changing the vc as well as 

changing parameters such as axial depth of cut, ap, radial width of cut, ae, and feed 

rate per tooth, fz, which are all contributing to the heat generated in the cutting 

process.  
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The parameter with largest impact on the temperature is shown to be vc. Regarding 

outcome from a study that Yujing Sund et al [7] have done, where they investigated 

cutting temperature when milling Ti-6Al-4V, they were able to rank the parameters 

in terms of heat generation as following: vc>fz>ae>ap. The built-up heat in the 

insert, contributes to the progression of tool wear. Part of this follows from Ti-

alloys high reactivity with the cutting tool material [8] especially when temperature 

increases. Therefore, this project will focus on the vc and ae selection, to model how 

these affects the tool life. The feed rate per tooth, fz, become a result from 

recommended chip thickness for the cutting tool, in combination with the radial 

engagement, ae. These parameters both changing the Metal Removal Rate (MRR), 

referred as Q-value, in the end.  

MRR or more common, Q-value, can be described as the volume of removed 

workpiece material per unit of time, and it is a combination of the cutting 

parameters. The SI-unit for volume flow per time unit is cubic meter per second 

(m3/sec), but in the industry the Q-value is generally measured in cubic centimeter 

per minute (cm3/min) [9]. To get the highest Q in relation to an acceptable and 

wanted tool life, it is important to pick the correct cutting data combination. 

1.2 Aim and objective 

The aim of the work is to help titanium component manufacturers, to maximize the 

material removal rate in relation to an acceptable tool life, when milling in titanium 

alloys. The objective is to understand how the combination of cutting speed and 

radial engagement of the cutter, affecting the tool wear growth and how this can be 

predicted.  

1.2.1 Research question 

How does the cutting speed affect the tool life, for different radial engagement of 

the milling cutter, in shoulder milling operations? 

1.2.2 Limitations 

To keep the project within the scope and timeframe, some limitations have been 

made. 

 The work will be limited to focus on Ti-6Al-4V and therefore other types of 

Ti-alloys will be kept out of scope for the project.   

 Only one type of milling cutter and insert will be used and investigated in 

the milling experiment.  
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 For keeping the milling experiment within available time in the machine, the 

experimental tests are limited to one repetition for each combination of 

cutting data. 
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2 Theoretical framework 

2.1 Titanium and its alloys 

Titanium alloys weight about 44 percent less then steel but has an even higher 

tensile strength. They have a high melting point, above 1500˚C depending on which 

alloy, and lower thermal expansion coefficient then that of steel and aluminum. 

These parameters, is the reason why Ti-alloys are used instead of steel and nickel-

based alloys in the aerospace industry [3]. Another great performance for the Ti-

alloys, is the elasticity. This is a preferable property when used in components and 

mechanical designs that need to handle flexibility without the risk of cracks. The 

reason is the relatively lower modulus of elasticity if compared to other metals, 

which results in higher strain [10]. The high melting point for titanium and the low 

thermal expansion is given from strong binding forces between the atoms. This 

property is beneficial from a mechanical design point of view, especially when it is a 

need of tight tolerances for the components and between components. 

Titanium and titanium alloys are naturally forming a protective oxide film on its 

surface. This works as a natural corrosion protection in many applications where it 

is used and can be improved even further with alloying elements as palladium (Pd), 

ruthenium (Ru), nickel (Ni) and molybdenum (Mo) [1]. The oxidation reaction is an 

exothermic reaction and takes place on new unoxidized surfaces when getting in 

contact with oxygen (O) [11]. Titanium in pure form shows an allotropic behavior, 

since it can have two different crystallographic forms, hexagonal close packed 

(HCP) crystal structure when in α-phase and body center cubic (BCC) crystal 

structure when in β-phase depending on the temperature, shown in figure 1. Pure 

titanium will have HCP structure in room temperature and BCC structure when 

heated above 888 ⁰C, the transition point. The melting temperature is 1670 ⁰C and 

the transition point is the lowest temperature, where the titanium consists of 100 

percent β-phase. 

 

Figure 1: The allotropic behavior of pure titanium. β-phase with BCC structure above transition point and α-
phase with HCP structure below. 



 

 
5 

 

To stabilize and keep the α-phase to temperatures above the transition point, 

different alloying elements can be added, such as aluminum (Al), oxygen (O) and is 

referred as α-stabilizers. Beta-phase can be stabilized under the transition point, 

when use of β-stabilizers such as vanadium (V), molybdenum (Mo), palladium (Pd), 

nickel (Ni) and silicon (Si) [4], [12], [13]. 

Characteristics and inherent properties for each titanium alloy are different and 

depending on the composition of the alloying elements. This gives the phase 

condition, α, near α, α+β or β [3], which will be described shortly below. 

2.1.1 α and near α-alloys 

Alpha alloys consist of α-stabilizers and is a single-phase titanium. They have an 

exceptional creep stability and up to 300˚C they maintain tensile strength, which 

drops if the temperature raises further [10]. Near α-alloys contains a large amount 

α-stabilizers and small amounts of β-stabilizers (1-2 %), which improve the strength 

of the alloy. These alloys can work in higher temperatures, such as 400-520˚C [10]. 

This makes them suitable for applications within the aerospace segment, such as in 

gas turbine engines. They maintain higher creep resistant than α+β and β-alloys. 

Alpha alloys have a good thermal stability and are resistant to thermal aging and 

therefore not responding to heat treatment. This makes them suitable for 

applications including welding [3], [14]. Common alloys within α-phase: Ti-3Al-

2.5V, Ti-5Al-2.5Sn, Ti-8Al-1Mo-1V, Ti-6-2-4-2 and Ti-5.5A1-3.5Sn-3Zr-1Nb-

0.25Mo-0.3Si. 

2.1.2 α + β-alloys 

This condition has inherent properties between α-alloys and the β-alloys. These 

alloys have a larger proportion of β-stabilizers (4-6 %) then for the near α-alloys (1-

2 %). For these alloys, the mechanical properties can be changed by heat treating, 

which improves the strength. This makes them suitable for applications in the area 

of 350-400˚C [10]. To this category, the most commonly used Ti-alloy is included, 

the Ti-6Al-4V.  These alloys containing both α and β-phase, but most dominantly 

α-phase. When comparing α+β-alloys to α-alloy, the creep resistant strength and 

ductility are excellent [14]. 

In terms of aircraft frame parts, approximately 80-90 percent are made up from Ti-

6Al-4V. This alloy is also found in aircraft engines cooler parts, for example fan and 

compressor stages [3]. Other common alloys within the α+β-phase is: Ti-6Al-2Sn-

2Zr-2Mo-2Cr + Si, Ti-6-2-4-6 and Ti-5AI-2Sn-2Zr-4Mo-4Cr. 
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2.1.3 β-alloys 

Beta alloys consist of a large number of β-stabilizers (30 %). Typical advantages for 

the β-alloys are the high hardenability, forgeability and very good fatigue resistance. 

It can also reach very high tensile yield strengths, just below 1200 MPa. 

Disadvantages can be referred as the higher density compared to α+β-alloys and 

lower creep strength. These can be found in heavy loaded applications with 

moderate temperatures, for example in aircraft landing gear [3], [4]. 

2.2 Milling operation 

Milling is an intermittent metal removing operation, where the cutting is performed 

by a rotating cutter body. In general, milling operations can be separated in several 

types, some of them is face, shoulder, slot and profile milling. This thesis focuses on 

shoulder milling. Tools can have variety of designs and be made up from different 

materials, such as High-Speed Steel (HSS), solid carbide and steel cutter body with 

indexable carbide inserts [15], where the last one are the type of tool that will be 

considered in this work. Carbides, or cemented carbides more correctly, are made 

up from metal carbides such as Wolfram carbide (WC), bounded together with 

Cobalt (Co). This mix is pressed into a shape of an insert, then goes through a 

sintering process to get the right properties [6], [16]. Cemented carbide can be 

coated with a thin protective layer, using Chemical Vapor Deposition (CVD) or 

Physical Vapor Deposition (PVD), to get better machining properties for different 

workpiece materials and cutting conditions, and therefore improve the tool life [14]. 

To work properly, the cutting inserts are designed for a specific chip thickness. 

When milling, the chip thickness varying because of the difference in radial and/or 

axial depth of cut. In terms of shoulder milling a varying value of ae, changing the 

chip thickness. Because of this, it is preferable to talk about the maximum chip 

thickness, hex. Following from this, fz, needs to be changed so that a proper hex can 

be maintained, when the ae changes [15]. 

2.2.1 Maximum chip thickness 

When a milling cutter is used for side milling, referred as shoulder milling, the ae 

for the tool is directly affecting the hex. For shoulder milling tools, see figure 2, with 

an approach angle, κ, of 90˚, and the radial engagement angle, α, in the interval 90˚ 

to 180˚, hex and fz relates simply as, hex = fz. However, for α < 90˚, the relation 

between hex and fz, can be calculated as  

 𝑓𝑧 =
ℎ𝑒𝑥

𝑠𝑖𝑛(𝛼)
     [𝑚𝑚/𝑡𝑜𝑜𝑡ℎ]. (1) 
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In figure 2 this phenomenon is shown, and it clearly shows that hex is getting thinner 

when ae decreasing. The engagement angle can then be expressed as a relation 

between the diameter of the cutting tool, dc, and ae, by the following equation  

 cos(𝛼) =
(0.5𝑑𝑐 − 𝑎𝑒)

0.5𝑑𝑐
     [𝑑𝑒𝑔𝑟𝑒𝑒𝑠], (2) 

and by combining equation 1 and 2 holds 

 
𝑓𝑧 =

ℎ𝑒𝑥

𝑠𝑖𝑛 (𝑎𝑟𝑐𝑐𝑜𝑠 (
𝑑𝑐 − 2𝑎𝑒

𝑑𝑐
))

     [𝑚𝑚/𝑡𝑜𝑜𝑡ℎ]. 
(3) 

With equation 3 it can be noted that hex ≠ fz when ae is less than 50 percent of dc 

[15]. 

 

Figure 2: The maximum chip thickness, hex, is depending on the radial width of cut, ae, feed rate per tooth, fz, 
and cutting tool diameter, dc [Sandvik Coromant]. 

2.2.2 Wet and dry operation 

In intermittent machining, the cutting edge enter and exit the workpiece material, 

during the operation. This causes temperature variations in the tool, following from 

the increase of temperature when in cut and temperature drop, when exit the cut. 

These thermal differences are amplified further with the use of cutting fluids, 

referred as wet operation. Thermal differences can cause different tool wear and 

will be explained further in section 2.3.2. In most cases, cutting fluids are not 

recommended for intermittent machining operations [17], but in some cases 

depending on the material machined, or due to the design of the feature regarding 

chip evacuation, cutting fluids are needed. It can also be used to control the 

workpiece temperature, so that dimensional requirements can be kept [15]. For a 

workplace around a machine tool and especially for machines that are open, the use 

of cutting fluids can be a problem due to the risk of slippery floors. This may end up 

in personal injures for machine operators or for people passing and is also a risk of 

getting the cutting fluid on unprotected body parts. Typical cutting fluids are 

emulsions that are water-based, where an concentration of oil have been mixed up 

with water to an concentration between 3-10 % [18]. They have several tasks  
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when machining, such as minimize friction in terms of lubricate of the surface 

between chip and tool, and act as a liquid for heat removal in the cutting process. To 

get the right performance needed from a technical view, these emulsions are highly 

complex and includes around 300 substances. Strictly regulations have been made 

for some of the substances, from an occupational and environmental point of view. 

Today cutting fluid manufactures researching and looking for alternative, without 

mineral oils, that will still fulfill the requirements from both an technological, health 

and environmental regulation perspective [18]. 

2.2.3 Metal removal rate, Q 

The metal removal rate for milling operations, can be calculated by the equation for 

Q [17], 

 𝑄 = 
𝑎𝑝𝑎𝑒𝑣𝑓

1000
       [𝑐𝑚3/𝑚𝑖𝑛], (4) 

where ae and ap is in millimeter and the table feed 

 𝑣𝑓 =  𝑛𝑓𝑧𝑧 =
1000𝑣𝑐𝑓𝑧𝑧

𝜋𝑑𝑐
       [𝑚𝑚/𝑚𝑖𝑛]. (5) 

The z-term is the number of active cutting edges for the milling cutter. 

2.3 Tool wear 

When machining, the cutting tool will be worn after a certain time in cut, due to 

abrasive, adhesive and/or chemical wear mechanism and they can all be connected 

more or less to the cutting temperature, figure 3. Wear is also depending on 

parameters such as stability conditions, spindle power, torque, rigidity and the 

quality of fixturing. The different faces of an insert, figure 4 is referred as, 1. 

Parallel land, 2. Rake face, 3. Cutting edge and 4. Flank face [15]. 

 

 

Figure 3: Graphs that shows the relationship between tool wear and cutting temperature and how that have 
influence on the wear mechanism, adhesive, abrasive and chemical. [16] slightly modified. 
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Figure 4: Insert areas description: 1. Parallel land, 2. Rake face, 3. Cutting edge and 4. Flank face [Sandvik 
Coromant]. 

2.3.1 Wear mechanisms 

Abrasive wear can be described as a grinding situation in the area of contact between 

the tool and workpiece, such as on the rake face and clearance face. Abrasive wear 

in general can be described as hard particles sliding on softer material, forcing 

particles to break loose from the softer material. This phenomenon cannot be 

eliminated, but it can be reduced with different coatings that are more suitable for 

the cutting condition. Hard particles can be from both the tool itself and the 

workpiece material, for example cementite (Fe3C) when machining steel and cast 

iron. Hard particles can also be ingot sand when machining forged material [16]. 

When machining, and the temperature in the cutting zone are not too low and not 

too high, an adhesion between the tool and workpiece can occur, regarding figure 3. 

This means that the workpiece material in the chip will stick on the tool when the 

pressure is high, and temperature is right. In other words, particles from the 

workpiece material gets pressure welded onto the cutting edge, during the cutting 

process. This can act as a protective layer and extend the tool life thanks to the 

protection from the oxidation of the chip and the friction that occurs when the chip 

is sliding on the rake face. A special case is when this leads to a built-up edge (BUE). 

This occurs when the adhesion starts to build up material on the cutting edge that 

changes the geometry of the tool. This new tool geometry takes a more positive 

shape and can make the tool cut even lighter. 

But a risk occurs when the BUE break loose from the cutting edge, due to the risk of 

parts from the coating and the insert bulk brakes out. This is called adhesive wear. 

The tendency of BUE is common in more ductile materials, such as aluminum, 

stainless steel, Nickel-based super alloys and Ti-alloys [15], [16].  

Chemical wear is strongly connected to the cutting temperature, which means the 

cutting speed and the length in cut. The reason for chemical wear is by either 

diffusion between workpiece material and tool material or oxidation of the 

workpiece material and the chips.  
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Diffusion is common when machining with cemented carbide and high temperatures 

are reached in the cutting zone, which means that Carbon (C) starts to diffuse into 

the chips from the cutting tool, and that is weakening the surface of the tool. For 

oxidation to take place, high temperature and oxygen is needed. The highest 

temperature is in the cutting zone, where the chip is still in contact with the tool. 

This area is unreachable for the oxygen, and oxidation will therefore start a short 

distance from the cutting edge [16].  

2.3.2 Wear types 

Depending on the wear mechanisms described above, the wear type on the insert 

will appear different and they are generally categorized in nine types: Crater wear, 

Flank wear, Plastic deformation, Flaking, Cracks, Chipping, Notch wear, Fracture 

and BUE. Flank wear is one of the most common wear types and is often used as 

criteria for the tool life. Flank wear is a result of abrasive wear and is commonly 

measured as a distance from the cutting edge down on the flank face. This is known 

as the distance VB, or VBmax when used as a wear criterion. When too much flank 

wear appears on the cutting edge, the surface finish on the machined component can 

be affected in an unsatisfactory way. It occurs along the cutting edge including the 

corner radius and grows down on the flank face. Flank wear can come from both 

abrasive and chemical wear mechanisms [16]. 

Cracks in the cutting edge, are common during wet intermittent machining. This 

follows from the rapid change of temperature of the cutting edge when in cut and 

out of cut. This will be amplified further with the use of cutting fluid, that help to 

conduct heat from the cutting edge surface. This temperature gradient causes 

stresses on the coating, and can cause cracks, which then grows. This is referred as 

thermal cracks [15], [16]. 

Crater wear come from the combination of first chemical wear and then abrasive 

wear causing particles to break loose from the rake face when chips sliding on the 

surface. That is a reason for the start of crater wear [16]. A growing crater wear 

makes the geometry increasingly more positive and at the same time weakening the 

cutting edge and a risk of edge breakage occur. 

Notch wear is a common wear type, that tends to be located where the depth of cut 

ends on the cutting edge. It can be caused by a hard surface on the workpiece 

and/or oxidation. The hard surface can in these cases be skin or scale on a forge or a 

cast component and it can also be a surface that have work hardening, from previous 

cutting pass [19]. 
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2.4 Machining titanium alloys 

Machining Ti-alloys generates high cutting forces, hence the need of a rigid machine 

tool and fixturing is of essence [15]. A reason for the need of stable fixturing and 

machine tool, is the relatively low modulus of elasticity and high strain. This is a 

combination that can make Ti-alloys perceived as difficult to machine from a 

stability point of view. The problem is when the cutting edges start to cut, which 

increases the cutting forces and the workpiece flex away from the tool, a small 

distance. This causes the cutting edges to slide slightly on the surface, before it starts 

to cut and therefore increasing the temperature in the cutting zone [10].  

When machining in titanium with carbide tools, relatively low cutting speeds are 

used and that leads to low revolutions per minute for the cutting spindle. This factor 

increases the need of a high torque spindle with enough power [15]. As mention 

earlier, Ti-alloys poor thermal conductivity and high heat capacity, causes massive 

heat generation in the cutting zone. These temperatures can reach as high as 

1100˚C. This tends to be important factors for many problems when machining Ti-

alloys, as work hardening of the machined surface is one. This starts when the 

temperature in the cutting zone reaches or exceeds 600-700˚C. At this 

temperature, molecules of oxygen and nitrogen starts to diffuse into the workpiece 

from the surrounding air and causes the surface to harden [10]. A problem with this, 

are the risk of notch wear on the cutting edge at the depth of cut. 

Another problem with high temperatures is that chemical wear in terms of diffusion 

of C from the cutting tool to the chip starts, in the area of contact between chip and 

tool. This weakens the rake face, so that it cannot withstand the abrasive wear of the 

sliding chips, which in long term means that crater wear can start to grow [16]. One 

way to control the temperatures in the cutting process, is to apply cutting fluids. 

This reduces the friction between the formatted chip and the cutting tool. When 

temperature for the cutting tool is controlled, the problem with crater wear can be 

reduced [16], [18].  

As mentioned in section 2.1, Ti naturally forms an oxidized surface when getting in 

contact with oxygen. This is an exothermic reaction. When chips are created in the 

cutting process, new titanium surfaces are created as well on each chip. These 

surfaces will start oxidizing in a short distance from the cutting edge, as soon as 

oxygen reaches the new surfaces. If the exothermic reaction creates more heat than 

what is conducted away, a risk of fire occurs [11] and is known as Titanium fire.  
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2.5 Metamodeling 

Metamodel, or surrogate model, is a common term of models that describing input 

and output relations without necessarily understanding or knowing the underlying 

physical properties of the system [20]. Metamodeling involves three steps, choosing 

a sampling method, from where the data is generated. The next step is to choose a 

model or models, that represent the data. The models are supposed to predict a 

response value. For this study the response value is the tool life for different 

combinations of vc and ae. The last step is to fit the models to the input data. This 

can be done using the method of least squares.  

Metamodeling in general works as follow: Input data are transferred through a 

transfer function, holding the properties that provides a good prediction of the 

output, figure 10 [20].  

 

Figure 5: The principle of metamodel structure [20]. 

2.5.1 Multiple Linear Regression 

The first metamodel is established using multiple linear regression. In simple linear 

regression one independent variable (IV), X, together with a constant 𝛽 and an 

error term, 𝜖, gives the response value, in terms of a dependent variable (DV), T 

[21], 

 𝑇 = 𝑋𝛽 + 𝜖, (6) 

This method uses a regression line, a best-fit-line to a table of sample data. When 

calculating the regression line, based on one variable, least square criterion is used. 

All distances between the predicted line and each sample of test data are being 

squared and summarized. When the line is positioned so that the summarized 

squared distances have the smallest possible value, then the line have its best 

alignment.  

Least square analysis, is not restricted to be used for one-variable situation, it can be 

used with several variables and that is referred as multiple linear regression (MLR) 

[20]. In MLR, two or more IV´s are used to predict a DV.  The IV´s need to be 

selected in a way so that problems with multicollinearity can be avoid. Therefore, it 

is important that the IV´s do not correlate with each other. The MLR equation,  

 �̅� = 𝐗β̅ + �̅�, (7) 

in matrix form, 
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 [

𝑇1

𝑇2

⋮
𝑇𝑛

] =

[
 
 
 
1 𝑥1 𝑥1,2 … 𝑥1,𝑘

1 𝑥2 𝑥2,2 ⋱ ⋮

1 ⋮ ⋮ ⋮ ⋮
1 𝑥𝑛,1 𝑥𝑛,2 … 𝑥𝑛,𝑘]

 
 
 
[

𝛽1

𝛽2

⋮
𝛽𝑘

] + [

𝑒1

𝑒2

⋮
𝑒𝑛

], (8) 

uses an input matrix X. 

The coefficients, 𝛽, estimates using the equation: 

 β̅ = (𝐗𝑇𝐗)−1𝐗𝑇�̅�, (9) 

where the XT is the transpose of matrix X and ()-1, the inverse of the expression. In 

some cases, when the input data have an exponential pattern, the 𝛽-coefficients 

assume a better fit when the input data are logarithmized. This change the pattern of 

the input data from exponential to linear [20], 

 β̅ = (𝐗𝑻𝐗)
−1

𝐗𝑻 𝐥𝐨𝐠(�̅�). (10) 

The error function can be established as the summarized squared error between 

measured data, subscript m, and predicted, subscript pred,  

 𝜀 = ∑ (𝑇𝑚 − 𝑇𝑝𝑟𝑒𝑑)
2𝑁

𝑛=1 , (11) 

 

The goodness of fit for a model is given by the coefficient of determination R2 [22] 

and is the distance between each measured data, subscript m, and predicted 

subscript pred, 

 𝑅2 = 1 −
∑ (𝑇𝑚 − 𝑇𝑝𝑟𝑒𝑑)

2𝑁
𝑛=1

∑ (𝑇𝑚 − �̅�𝑚)2𝑁
𝑛=1

. (12) 

2.5.2 Curve fitting approach 

The curve fitting approach is similar to the regression approach, where a function is 

constructed and constants, �̅�, needs to be found so that the function to its best 

predicts the measured responses. The fundamental difference compared to the 

regression approach that relies on matrix manipulations, is that this method strives 

to minimize an error function by utilization of an optimization algorithm. Given this 

approach the model structure no longer needs to be linear in its alignment, which 

allowing a larger freedom in its composition, equation 13 [20].  

min
 

imize ∑(𝑇𝑖 − 𝑇(𝜇
1
(𝜇

2
), �̅�))

2
𝑁

𝑛=1

 (13) 
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3 Methods 

As a primary source of data, a milling experiment where conducted. This 

experiment included several tests with different combinations of ae and vc, where 

parameters such as ap and hex stayed fixed. The end of tool life where determined by 

tool wear criteria, depending on where the tool wear started on the cutting insert. 

The progression of the tool wear was measured with a microscope equipped with a 

scale. When the milling experiment was finished, the collected data where analyzed 

using the theory of metamodeling to develop mathematical functions. The last part 

was to exemplify one of these models in a Q maximizing test. 

3.1 Milling experiment 

The objective for the experiment was to establish a table of measured tool life, from 

when the tool wear criteria was reached. The setup for the milling experiment 

included the hardware seen in table 1 and figure 6. In terms of minimizing the 

eventual impact of runout for the tool, only one insert was mounted in the milling 

cutter. For each test pass, climb milling and smooth entry by rolling into cut, figure 

7, where used to minimize tool wear caused by unfavorable insert exit angles during 

entry into the workpiece.  

Table 1: The hardware setup for the milling experiment. 

 

Figure 6: Left-hand side shows the setup in the machine: 1. machine table, 2. vices, 3. spindle, 4. tool and 5. 
workpiece. Right-hand side shows the tool setup: 6. tool holder and 7. milling cutter. 

Item: Description: Code: 

Machine tool Hermle C40U  

Workpiece material Annealed titanium Ti-6Al-4V 

Cutting fluid Hocut, concentration 8%, 30 bar thru tool 4940 

Tool holder Weldon dia. 12 mm and ISO40 taper A1B20-40 12 050 

Milling cutter End mill cutter for indexable inserts, diameter 
12 mm 

R390-012A12-07L 

Carbide insert PVD ((Ti,Al)N) coated carbide insert 390R-070204E-ML 
grade S30T 
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Figure 7: Closer view of the setup. Left side shows a top view where the circle illustrates the milling cutter. The 
red arrow on the workpiece illustrates the tool path with roll in to cut, over the 163 mm wide workpiece 

The workpiece material used for the experiment was Sandvik Titanium Grade 5 Ti-

6Al-4V, which is delivered as forged and annealed square bars 600x170x170. The 

chemical composition is 6% Aluminum, 3,8% Vanadium, 0,16% Iron, 0,18% 

Oxygen, 0,01% Carbon, <0,01% Nitrogen, <0,0005% Hydrogen and remainder 

titanium. The average value of the hardness, 298 HV. Material certification for the 

workpiece material can be seen in appendix A. 

The cutting tool used for the experiment was a Sandvik Coromant 12 mm in 

diameter end mill, which allowed cutting fluid supply thru center. This end mill was 

fitted with a carbide insert that are designed to be light cutting, generate low cutting 

forces and to be used with low feed rates. It has a PVD-coating, a grinded periphery 

to get a sharper cutting edge and an extra positive rake angle, for light cutting 

conditions [23]. 

To minimize the degree of freedom for the experiment, hex where fixed to 

recommended 0,05 mm/tooth and ap to 1,5 mm. The experiment where limited to 

three different values of vc and four different ae. The smallest ae for the experiment 

was selected to 10 percent of the diameter. With this ae, the cutting edge traveled a 

short period of time in the workpiece. Next is ae=20 percent of dc and then ae=35 

percent of dc. The reason for the choice of 35 percent, was that the feed rate per 

tooth, fz, take the almost same value as for ae=70 percent of dc and this could show 

how a large engagement angle, α, affected the tool life. Radial width of cut in the 

area of 50 percent of diameter was not included in the experiment, due to the shock 

load that occur when the cutting edge entry the workpiece [17]. The tool wear 

criteria where decided to VB=0,2 mm or notch wear of 0,2 mm. Tool wear was 

measured visually in a microscope equipped with a scale. The levels of vc for the 

experiment, was decided after some pretests. The challenge with selecting vc, was 

that there is no vc that are optimized for the range from 10 to 70 percent in ae.  
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The levels of vc was selected to higher values then the recommended values for the 

insert and was chosen to 100, 110 and 120 m/min. For cover these 12 

combinations, a total number of 24 tests were performed, seen in table 2 (no.1-24), 

where every even test number is a repetition of the previous odd numbered test. 

Due to the availability of the machine tool for the experiment, each cutting data 

combination where repeated once and the end of tool life where determined by the 

tool wear criteria. To take advantage of the available hours in the machine tool 

during the days of testing, the run order for the tests was decided according to the 

estimated tool life for each cutting data combination. This to avoid being in the 

middle of a test when the workdays ended. Therefore, the run order was not the 

same as the test order in table 2. Four control tests, no. 25-28 in table 2, was 

conducted as well. These control tests, where needed to validate the performance 

and accuracy for the prediction models, for ae and vc combinations that were not 

included in the tests no. 1-24. But they were in the same range 100<vc<120 m/min 

and 10<ae<70 percent of dc, for which the models where developed. 

Table 2: Test matrix for the milling experiment, where each test fit a different combination of vc and ae. 

Test no. vc  (m/min) ae  (% of d) fz  (mm/tooth) 

1 100 10 0,083 

2 100 10 0,083 

3 100 20 0,063 

4 100 20 0,063 

5 100 35 0,052 

6 100 35 0,052 

7 100 70 0,050 

8 100 70 0,050 

9 110 10 0,083 

10 110 10 0,083 

11 110 20 0,063 

12 110 20 0,063 

13 110 35 0,052 

14 110 35 0,052 

15 110 70 0,050 

16 110 70 0,050 

17 120 10 0,083 

18 120 10 0,083 

19 120 20 0,063 

20 120 20 0,063 

21 120 35 0,052 

22 120 35 0,052 

23 120 70 0,050 

24 120 70 0,050 

25 105 60 0,051 

26 115 25 0,058 

27 113 33 0,053 

28 117 22 0,060 
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3.2 Modeling 

All data handling has been performed in the numerical calculation software 

MATLAB which is a software that is specifically designed for data analysis, data 

visualization, numeric computation and developing of mathematical models and 

algorithms [22]. MATLAB is especially suitable for handling vector and matrices and 

perform transformations, inversions and multiplications, making it a very efficient 

tool in regression modeling. MATLAB also provides a number of optimization 

algorithms and tool boxes suitable for the curve fitting approach, section 2.5.2. In 

this thesis, the optimizing algorithm fminsearch was utilized to minimize the error 

function. The fminsearch algorithm searches for the smallest value of an error 

function by changing one or more constants, 𝑎, to reach it, equation 13 [22]. 

To calculate the values of 𝛽, for the multiple linear regression model, the measured 

input data was logarithmized then calculated by the equation 10. 

The error function, equation 11, where used for both the multiple linear regression 

and curve fitting approach model, where N was set to 24, following from 24 tests in 

the milling experiment. The goodness of fit, R2, in terms of prediction accuracy for 

the models was calculated by equation 12. 

Both the models were plotted as surfaces, for the input variables vc and ae, in the 

range of the experiment, to predict the tool life, T. The plots where combined with 

measure data in terms of tool life from the milling experiment. 

3.3 Maximize the metal removal rate, Q 

Two models for predicting tool life could now be used for calculating and predict 

tool life, for a given vc and ae. This could also be used to fulfill the aim of this thesis 

“maximize the material removal rate in relation to an acceptable tool life” by constrained 

optimization, where a wanted tool life is considered as a constraint, to find a vc and 

ae that maximize Q. This has been exemplified for the MLR model.  

The first step to achieve this, was by solving for one of the input parameters, ae or vc 

for the model, in this case ae. By selecting a desired tool life, T, and established a 

range of vc, ranging between min and max of the defined input model boundaries, a 

corresponding ae range could be calculated. The acceptable tool life needs to be 

desired by the component manufacturer in terms of, for example fitting the 

production rate. 

To exemplify this step, T was chosen to 50 minutes and vc to a range of 100-120 

m/min in step of 1. The next step is to calculate, Q, for each combination of vc and 

ae, that holds the desired T. This is achieved by using the equation 4 in combination 

with equation 5 and equation 3 to get, 
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𝑄 = 

𝑎𝑝𝑎𝑒𝑣𝑐ℎ𝑒𝑥𝑧

𝜋𝑑𝑐𝑠𝑖𝑛 (𝑐𝑜𝑠−1 (
𝑑𝑐 − 2𝑎𝑒

𝑑𝑐
))

       [𝑐𝑚3/𝑚𝑖𝑛]. 
(14) 

Inserting the fixed cutting tool and process parameters, used in the experiment, 

dc=12 mm, ap=1,5 mm, hex=0,05 mm/tooth and z=1, the corresponding values of 

ae and Q where calculated. 
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4 Results 

This chapter presents all the outcome from the used methods in the project, as the 

milling experiment, regression model and the Q optimization part. 

4.1 Milling experiment 

The resulted tool life for each test is tabled in appendix B. 

Plotted results in terms of tool life from the milling experiment, figure 8: 

 

Figure 8: Results from the milling experiment in ae-T diagram where three levels of vc is shown, for the first and 
second run of the cutting data combination. 

 

Figure 9 show the worn out cutting edges for odd test numbers, with ae=10 percent 

of dc.  

 

Figure 9: Cutting edges that have reached the tool wear criteria for the odd test numbers with an ae of 10 
percent of dc. 
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Figure 10 show the worn out cutting edges for odd test numbers, with ae=70 

percent of dc.  

 

Figure 10: Cutting edges that have reached the tool wear criteria for the odd test numbers with an ae of 70 
percent of dc. 

Results for the control tests no. 25-28, table 3: 

Table 3: The measured tool life for the control tests, Tc. 

Test no. Tc  (min) 

25 21 

26 32 

27 29 

28 44 

 

4.2 Multiple linear regression model 

The input matrix, X, for the multiple linear regression (MLR) model, 

 𝐗 =

[
 
 
 
 
1 𝑣𝑐,1 𝑎𝑒,1

1 𝑣𝑐,2 𝑎𝑒,2

⋮ ⋮ ⋮
1 𝑣𝑐,𝑘 𝑎𝑒,𝑘

    

𝑣𝑐,1𝑎𝑒,1 𝑣𝑐,1
2 𝑎𝑒,1

2

𝑣𝑐,2𝑎𝑒,2 𝑣𝑐,2
2 𝑎𝑒,2

2

⋮ ⋮ ⋮
𝑣𝑐,𝑘𝑎𝑒,𝑘 𝑣𝑐,𝑘

2 𝑎𝑒,𝑘
2]
 
 
 
 

, (15) 

where subscript k, denotes the experimental test number. 

 

Plotted and logarithmized measured data from the milling experiment presented in 

figure 11: 
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Figure 11: Plot of the logarithmized values of the measured tool life.  

 

The logarithmized 𝛽-values given from equation 10, 

 β̅ =

[
 
 
 
 
 
β0

β1

β2

β3

β4

β5]
 
 
 
 
 

=

[
 
 
 
 
 

8,949919
−0,024927
−0,081953
−0,000073
−0,000041
0,000732 ]

 
 
 
 
 

.  

 

The MLR model for tool life prediction ends up to  

 𝑇𝑝𝑟𝑒𝑑 = 𝑒β0+β1𝑣𝑐+β2𝑎𝑒+𝛽3𝑣𝑐𝑎𝑒+𝛽4𝑣𝑐
2+𝛽5𝑎𝑒

2
 [𝑚𝑖𝑛]. (16) 

 

Summarized and squared error by equation 11: 

 𝜀 = 1622 [𝑚𝑖𝑛] .  

 

R-squared, calculated by equation 12: 

 𝑅2 = 0,975 .  

 

Table 4 presenting the results, Tpred, for the MLR model function in combination 

with the measured data, Tm, from the milling experiment. To the right the error 

value is shown. 
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Table 4: Results for the MLR model function, Tpred, where the measured life is Tm. To the right, the error for 
each prediction is presented. 

Test no. vc  (m/min) ae  (% of d) Tm  (min) Tpred  (min) error  (min) 

1 100 10 216,1 187,1 29,0 

2 100 10 177,0 187,1 10,1 

3 100 20 97,3 95,5 1,9 

4 100 20 96,4 95,5 0,9 

5 100 35 52,8 45,8 7,0 

6 100 35 35,2 45,8 10,6 

7 100 70 34,4 29,7 4,7 

8 100 70 25,8 29,7 3,9 

9 110 10 120,7 132,9 12,2 

10 110 10 127,4 132,9 5,5 

11 110 20 78,7 67,3 11,3 

12 110 20 58,1 67,3 9,2 

13 110 35 37,3 31,9 5,4 

14 110 35 29,8 31,9 2,1 

15 110 70 21,2 20,2 1,0 

16 110 70 20,1 20,2 0,1 

17 120 10 98,3 93,6 4,7 

18 120 10 92,2 93,6 1,5 

19 120 20 49,2 47,1 2,1 

20 120 20 45,1 47,1 2,0 

21 120 35 25,4 22,1 3,3 

22 120 35 19,5 22,1 2,6 

23 120 70 13,3 13,6 0,3 

24 120 70 13,3 13,6 0,3 

 

Results from table 4 further presented as a graph in figure 12. Black circles for vc 

=100 m/min, crosses for vc =110 m/min and gray circles for vc =120 m/min and 

then curves for each level of vc in same color theme, that presents the predicted tool 

life, Tpred. 

 

Figure 12: Predicted curves from the MLR model function, together with the measured values from the 
experiment.  
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The corresponding surface, figure 13, that the MLR model function predicts, for 

combination of vc and ae, within the range of the milling experiment. Red points 

correspond to measured tool life´s for the tests no. 1-24. 

 

Figure 13: Surface plot corresponding to the MLR model function, that predicts T from combinations of vc and 
ae. The red points are the measure data from the milling experiment, test no. 1-24. 

 

Results for the control tests number 25-28, table 5, where both Tpred and the 

measured tool life Tc are presented. 

Table 5: Results of the machined control tests (no. 25-28), Tc and the predicted control tool life, Tpred, from the 
regression model. 

 

4.3 Curve fitted approach model 

The model function for tool life prediction ended up to, 

 𝑇𝑝𝑟𝑒𝑑 = 𝑎1 ∙
𝑣𝑐𝑛𝑜𝑚

𝑣𝑐
∙ 𝑎𝑒

(
𝑣𝑐𝑛𝑜𝑚

𝑣𝑐
−𝑎2)

     [𝑚𝑖𝑛], (17) 

where 𝑣𝑐𝑛𝑜𝑚
 has been selected to 100 m/min and the optimized constant terms, a1 

and a2 been established as a1=1777 and a2=1,9851.  

 

Test no. vc  (m/min) ae  (% of d) Tc  (min) T  (min) error  (min) 

25 105 60 21 23,2 2,2 

26 115 25 32 42,3 10,3 

27 113 33 29 31,0 2,0 

28 117 22 51 46,6 4,4 
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Summarized and squared error by equation 11, 

 
𝜀 = 2340 [𝑚𝑖𝑛] . 

 
 

R-squared, calculated by equation 12 to, 

 𝑅2 = 0,964 .  

 
Table 6 presenting the results, Tpred, for the curve fitted model function in 

combination with the measured data, Tm, from the milling experiment. To the right 

the error value is shown. 

Table 6: Results for the curve fitted model function. Measured tool life, Tm and the predicted tool life, Tpred, 
from the model. To the right, the error for each prediction is presented. 

Test no. vc  (m/min) ae  (% of d) Tm  (min) Tpred  (min) error  (min) 

1 100 10 216,1 183,8 32,2 

2 100 10 177,0 183,8 6,9 

3 100 20 97,3 92,9 4,5 

4 100 20 96,4 92,9 3,5 

5 100 35 52,8 53,5 0,8 

6 100 35 35,2 53,5 18,3 

7 100 70 34,4 27,0 7,4 

8 100 70 25,8 27,0 1,2 

9 110 10 120,7 135,6 14,9 

10 110 10 127,4 135,6 8,2 

11 110 20 78,7 64,3 14,4 

12 110 20 58,1 64,3 6,2 

13 110 35 37,3 35,2 2,1 

14 110 35 29,8 35,2 5,4 

15 110 70 21,2 16,7 4,5 

16 110 70 20,1 16,7 3,4 

17 120 10 98,3 104,4 6,1 

18 120 10 92,2 104,4 12,2 

19 120 20 49,2 47,0 2,2 

20 120 20 45,1 47,0 1,9 

21 120 35 25,4 24,7 0,7 

22 120 35 19,5 24,7 5,1 

23 120 70 13,3 11,1 2,2 

24 120 70 13,3 11,1 2,2 

 

Results from table 6 further presented as a graph in figure 14. Black circles for 

vc=100 m/min, black crosses for vc =110 m/min and gray circles for vc =120 

m/min and then curves for each level of vc in same color theme, that presents the 

predicted tool life, Tpred. 
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Figure 14: Predicted tool life curves from the curve fitted model, together with measured tool life. 

The corresponding surface, figure 15, that the curve fitted model function predicts, 

for combination of vc and ae, within the range of the milling experiment. Red points 

correspond to measured tool life´s for the tests no. 1-24. 

 

Figure 15: Surface plot corresponding to the curve fitted model function that predicts T from combinations of vc 
and ae. The red points are the measure data from the milling experiment, test no. 1-24. 

 

Results for the control tests number 25-28, table 7, where both Tpred and the 

measured tool life Tc are presented. 

Table 7: Results of the machined control tests (no. 25-28), Tc and Tpred, from the curve fitted model. 

 

Test no. vc  (m/min) ae  (% of d) Tc  (min) Tpred  (min) error  (min) 

25 105 60 21 24,7 3,7 

26 115 25 32 42,6 10,6 

27 113 33 29 33,6 4,6 

28 117 22 51 46,1 4,9 
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4.4 Maximize the metal removal rate, Q 

Regression model, equation 16, solved for ae as, 

 
𝑎𝑒 = (

−1

2𝛽5
) ∙ √4𝛽5 log(𝑇) − 4𝛽0𝛽5 − 4𝛽1𝛽5𝑣𝑐 + 𝛽2

2 + 2𝛽2𝛽3𝑣𝑐 + (𝛽3
2 − 4𝛽4𝛽5)𝑣𝑐

2

+ 𝛽2. +𝛽3𝑣𝑐 . 

(18) 

 

Results to achieve the highest Q, equation 14, presented in table 8. 

Given the fixed cutting tool and process parameters that have been used in this 

work, dc=12 mm, ap=1,5 mm, hex=0,05 mm/tooth and z=1, the corresponding 

values of ae and Q have been calculated and tabled in table 8 for the predefined tool 

life of 50 minutes.  

Table 8: Results for calculating the value of vc and ae, to achieve the highest Q, equation 13, with a tool life of 
50 minutes, based on the regression model for tool life prediction. Fixed parameters for this calculation is 

hex=0,05 mm/tooth, ap=1,5 mm, z=1 and T=50 min.  

 

 

vc  (m/min) ae  (% of dc) Q  (cm3/min) 

100 32,78 0,83 

101 31,94 0,83 

102 31,12 0,82 

103 30,32 0,81 

104 29,54 0,80 

105 28,78 0,80 

106 28,04 0,79 

107 27,32 0,78 

108 26,61 0,78 

109 25,91 0,77 

110 25,23 0,76 

111 24,57 0,76 

112 23,91 0,75 

113 23,27 0,74 

114 22,64 0,74 

115 22,01 0,73 

116 21,40 0,72 

117 20,80 0,72 

118 20,20 0,71 

119 19,62 0,70 

120 19,04 0,69 
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5 Discussion 

This chapter will discuss the outcome in terms of results for the milling experiment, 

and the metamodeling models MLR and curve fitted approach. 

5.1 Milling experiment 

For all the tool wear measurements on each cutting edge, conducted in the 

experiment, a source of error is the subjective evaluation that are done manually in 

the microscope. The decision of running further with the tool or not, may therefore 

have varied during the experiment. This can have changed the end of tool life with 

several minutes in some cases, due to the minimum “test distance”, one pass, where 

fixed to the width of the workpiece, 163 mm. To make the experiment practically 

doable, a qualified estimation of the number of passes until the next measurement 

had to be decided independently under the ongoing test. This varied much 

depending on the cutting data combination that was used for the ongoing test. The 

number of passes for each test have the range of 13 to 293, which can be seen in 

appendix C. 

In the results from the milling experiment, it can clearly be obtained that the tool 

life is shorter for almost all second runs. The cause of this has not been established, 

but it may be connected to the reasoning above. Tool life will always differ in 

between runs in general, even if the cutting data stays constant. This comes from a 

variety of sources, as material structure differences, tolerances of the cutting tools 

and thermal changes in the machine tool itself, etcetera. Unfortunately, the run 

order for the tests was not documented, which is definitely a lack of planning for the 

milling experiment. This could have helped to investigate the results further.  

In both cases when the ae equals 10 percent or 70 percent of the tool diameter 

(figure 9 and 10), indicates on several tool wear types. The literature review 

pointed out crater wear as common wear type when machining titanium alloys, but 

that type of tool wear did not seem to be a problem within the experiment. A 

reason for that may be the positive geometry for the used insert, which has such a 

positive rake angle (γ, figure 16), so that crater wear may not fit.  

 

Figure 16: Close picture of the cutting edge and the rake angle for the tool used in the experiment. 
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The progression of flank wear can be seen in figure 17, for one of the control test, 

test number 28. The cutting parameters for the specific test was vc=117 m/min and 

ae=22 percent of dc. A closer look of picture 2 in figure 17, are in top of the figure 

magnified. The cutting edge have start to get flank wear, arrow A, and a BUE, see 

the level difference where arrow C pointing. Following from this, as mention in 

section 2.3.1, the coating and pieces of insert bulk material can break loose with the 

BUE, which seems to be the case where the arrow B pointing. This seems to be a 

frequent phenomenon for all tests within whole range of ae. 

 

Figure 17: Bottom, shows progression of tool wear from test no. 28, vc=117 m/min and ae=22 percentage of 
dc. On the top, a closer look at part 2. Arrow A pointing at flank wear, arrow B on where pieces of the coating 

and tool material probable have break lose with the BUE (arrow C) and wear started to grow.  

When taking a closer look on the cutting edges, figure 18, that have reach the tool 

wear criteria for the experiment, the change of vc, seem to have less effect on the 

tool wear then the change of ae. Regarding the theory presented in section 1.1, that 

vc have the largest impact on tool life, does not seem to fit in this case, but needs to 

be considered in relation to the metal removal rate. In these tests the change in vc is 

comparably small, with only a 20 percent difference between the smallest and the 

largest values. The difference in ae, is in this case considerably larger with a 600 

percent difference between the smallest and largest ae. For this study, the chosen 

carbide insert for the milling experiment are developed for light cutting conditions, 

and not for such large ae as 70 percent of dc. So, in this case a large engagement 

angle, caused a faster progression of tool wear then the change of vc in the range of 

100-120 m/min. 

 

Figure 18: Comparison between the three levels of vc and two levels of ae, smallest and largest. 
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5.2 Multiple linear regression model 

To the find the final shape of the input matrix, X, equation 15, several different 

combinations of input variables where tested and compared in terms of generated 

response values. But the model order for the presented matrix gave the best fit to 

the measured input data, T, in terms of tool life´s. 

The measured raw data from the milling experiment, showed an exponential 

pattern when first plotted, figure 8. Regarding the theory presented in section 

2.5.1, the regression model assumed a better fit, after the input data, in terms of 

measured tool life´s was logarithmized, figure 11. 

The resulted 𝛽-values from the regression calculation, shows that some ends up to 

very small values. But when multiplied with large number as the second order terms 

in equation 16, they made a significant change of the response value, Tpred. 

Therefore, these constants and the associated terms needed to remain in the 

equation 16.  

5.3 Curve fitted approach model 

The resulted curve fitted model, equation 17 will now be discussed further. In 

difference from the regression model, the curve fitting model find the optimum 

value of the constants by uses a minimization algorithm, that minimizing the 

summed squared error by changing the constants, instead of using matrices. The 

figure that presents the results from the milling experiment has now been modified 

in terms of added arrows, figure 19. Red arrows represent a difference in T 

regarding the change of ae and has an exponentially decreasing characteristic. The 

yellow arrows represent the difference when changing the level of vc but keeping ae 

unchanged.  

 

Figure 19: The same results as presented in figure 8 but here with added arrows. Red arrows show the difference 
within the same level of vc and the yellow arrows show the difference in tool life between levels of vc with 

unchanged ae. 
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The model function, equation 17, had to deal with the distances that the yellow 

arrows show in figure 19, following from the change of vc. This was done by 

normalizing the vc part of equation. In this case, the vc.nom was selected to 100 

m/min, as the lower boundary of vc for the milling experiment. This give the value 

of 1, when divided with the lowest vc and less than 1, when selecting a higher value 

of vc. This means that the distance that the yellow arrows represent, decreased as 

wanted.  

To make the function exponential decreasing or increasing when a bigger or smaller 

ae was selected, presented by the red arrows, the ae part of the equation needed an 

exponent. The exponent consists of a normalized vc term that in the same way 

changes the exponent size. 

5.4 Maximize the metal removal rate, Q 

The results in table 8, shows that the highest value of Q for the fixed parameters in 

the example, will be reach when ae=32,78 percent of dc and vc=100 m/min. 

The approach that was exemplified for the MLR model function, can in the same 

way be established for the curve fitted model function, by solving the equation 17 

for ae as, 

 𝑎𝑒 = (
𝑣𝑐𝑇

𝑣𝑐.𝑛𝑜𝑚𝑎1
)
(

−𝑣𝑐.𝑛𝑜𝑚
(𝑣𝑐𝑎2−𝑣𝑐.𝑛𝑜𝑚)𝑎2

−
1
𝑎2

)

     [𝑚𝑚], (19) 

and insert in equation 14. 

5.5 Validation of the models  

Both prediction models are built from statistical data carried out from the milling 

experiment, which means that they are only valid for these data and in combination 

with the used machine tool, the milling cutter and the corresponding carbide 

inserts. Due to the available machine time for the experiment, only two runs for 

each cutting data combination could be accomplished, as mentioned in section 3.1. 

Considering that two runs, the basis for statistic prediction is poor. The input data 

consist of all 24 measured values and not the mean values for the two runs. The 

reason is that some values will amplify other values and in the other hand, some 

values will reduce other values. This increases the validity for the models. Figure 20 

shows a comparison between both the prediction models and the measured data 

from the control tests, no. 25-28. These control tests have only been tested in one 

run and may therefore be seen as a rough estimation. For both the predictions 

models, they seem to have a larger mismatch for the combination ae=25 percent of 

dc, vc=115 m/min, corresponding to the test no. 26. This is probably more 

connected to a poor tool life for that specific control test. To prove that,  
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one more test run should have been carried out for that specific point, which have 

not been performed.  

 

Figure 20: Scatter plots of Tpred from the models together with the measured control tests (25-28). The red 
crosses are predicted values and the black circles are the measured data.  

To evaluate which model that predicts the tool life most accurate, based on the 

measured data in this work, a comparison between the error values have been tabled 

in table 9. 

Table 9: Comparison of the response error values in terms of tool life, for the prediction models. 

Test no. vc  (m/min) ae  (% of d) 
MLR model 

error  (min) 
Curve fitted model 

error  (min) 

1 100 10 29,0 32,2 

2 100 10 10,1 6,9 

3 100 20 1,9 4,5 

4 100 20 0,9 3,5 

5 100 35 7,0 0,8 

6 100 35 10,6 18,3 

7 100 70 4,7 7,4 

8 100 70 3,9 1,2 

9 110 10 12,2 14,9 

10 110 10 5,5 8,2 

11 110 20 11,3 14,4 

12 110 20 9,2 6,2 

13 110 35 5,4 2,1 

14 110 35 2,1 5,4 

15 110 70 1,0 4,5 

16 110 70 0,1 3,4 

17 120 10 4,7 6,1 

18 120 10 1,5 12,2 

19 120 20 2,1 2,2 

20 120 20 2,0 1,9 

21 120 35 3,3 0,7 

22 120 35 2,6 5,1 

23 120 70 0,3 2,2 

24 120 70 0,3 2,2 

When summarizing the prediction errors from each model to, εMLR=131,7 min, 

εcurve_fit =166,4 min, it clearly shows that the response values from the regression 

model are more accurate to the measured data.  
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When looking at the error terms from the control tests, table 10, we can obtain a 

larger error for test no. 26, that are described in the beginning of this section. In 

table 9, the errors for ae=20 and 35 percent of dc, for the vc-levels 110-120 m/min, 

shows a generally lower error then 10,3-10,6 min, as for control test no. 26. This 

pointing that the measured tool life for control test no. 26 is a protruding value, and 

most likely a poor tool life for that specific test. As mention in section 5.1, this can 

be a consequence of variance in tolerances for the cutting insert, the workpiece 

material inherent structure etcetera, but may be said to be in the varying window of 

tool life. The choice of running only one time for the control test, may be a poor 

decision for the experimental planning process in the project. 

Table 10: Comparison of the error values for the control tests. 

Test no. vc  (m/min) ae  (% of d) 
MLR model 

error  (min) 
Curve fitted model 

error  (min) 

25 105 60 2,2 3,7 

26 115 25 10,3 10,6 

27 113 33 2,0 4,6 

28 117 22 4,4 4,9 
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6 Conclusions 

The most important thing that this work brings forward, is two mathematical 

models for cutting data prediction, that can be seen as a platform for further 

developing. These models hopefully help users, such as manufacturing technicians or 

sales people from tooling companies, to maximize milling operations in the 

direction the manufacturing company wants. The direction could be in order to 

change the cycle time for a machining operation, so that the cycle time better fits 

other components that shall passed the machine as well. As an example: If a specific 

operation with a milling cutter is given 30 minutes to machine. The producing 

company want to use the chosen milling cutter with its full potential, so that the 

highest possible MRR can be kept. This means that more components can be 

produced and sold and therefore bring in a larger economical profit to the company. 

The tricky part in this equation, is to select the cutting data to achieve the highest 

possible MRR to a desired tool life, as in this example is set to 30 minutes, and that 

is what the prediction models developed in this project will do. The models will in 

this example calculate the optimal vc and ae for the milling cutter to fit the desired T 

or machining time.  

The study has carried out two models, where one has been exemplified. The models 

have been developed and validated for a milling cutter with κ=90˚, so that vc, ae or 

tool life, T, is variables that the model can be optimized for. If the models are to be 

used in production, a safety coefficient should be used. This due to consider the 

level of fixturing, the machine tool itself and other factors that can affect the 

performance. The models take into account that an increase of vc and/or ae, 

shortening T, which was proved in the study. 

All the results carried out from the milling experiment in this study need to be 

considered as specific to the used setup in this work. Repeated experiment in 

different machines may end up in different tool life and tool wear behavior, because 

of the many parameters that affecting the results in terms of tool life, in both longer 

and shorter direction, referred to section 2.4.  

The milling experiment used in this study, can be considered as controlled and 

stable, due to the rigidity of the machine itself, fixturing wises, the solid workpiece 

and the use of cutting fluid that are optimized for common aerospace materials, such 

as titanium. 
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7 Further work 

To increase the model’s prediction accuracy, the matrices with measured data 

should be extended further. This would make the prediction better from a statistical 

point of view, due to a larger amount of measured points. To realize this, more tests 

should be conducted, in terms of tool life measuring. The models are now 

developed for a narrow interval of vc, which should be extended in order to make 

the models more useful. 

As a further step in terms of develop the models, they would be able to handle 

progression of different types of tool wear. This would need a lot of time and effort 

to complete, considering the need of separate experiments for each tool wear type. 

For each of these experiments, cutting data could be chosen so that a specific tool 

wear type is triggered. All this information in a prediction model, could be a 

powerful tool in order to optimize production including machining operations. 
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Appendix B 
 

Results from the milling experiment, presented in table 1. The measured tool life, Tm, is from 
the corresponding test run, where the even test number are the second run for the combination 
of vc and ae. 

Table 1: Tool life results from the milling experiment, where every even number is a repetition run for the same cutting data 
combination as the previous odd test number. 

Test no. Tm  (min) 
1 216,1 
2 177,0 
3 97,3 
4 96,4 
5 52,8 
6 35,2 
7 34,4 
8 25,8 
9 120,7 

10 127,4 
11 78,7 
12 58,1 
13 37,3 
14 29,8 
15 21,2 
16 20,1 
17 98,3 
18 92,2 
19 49,2 
20 45,1 
21 25,4 
22 19,5 
23 13,3 
24 13,3 

 



 


