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Abstract 

Digital manufacturing is a necessity to establishing a roadmap for the future manufacturing systems 

projected for the fourth industrial revolution. Intelligent features such as behavior prediction, decision-

making abilities, and failure detection can be integrated into machining systems with computational 

methods and intelligent algorithms. This review reports on techniques for Ti6Al4V machining process 

modeling, among them numerical modeling with finite element method (FEM) and artificial intelligence-

based models using artificial neural networks (ANN) and fuzzy logic (FL). These methods are 

intrinsically intelligent due to their ability to predict machining response variables. In the context of this 

review, digital image processing (DIP) emerges as a technique to analyze and quantify the machining 

response (digitization) in the real machining process, often used to validate and (or) introduce data in 

the modeling techniques enumerated above. The widespread use of these techniques in the future will 

be crucial for the development of the forthcoming machining systems as they provide data about the 

machining process, allow its interpretation and quantification in terms of useful information for process 

modelling and optimization, which will create machining systems less dependent on direct human 

intervention.  

 Keywords: Intelligent machining methods; Ti6Al4V; Finite element method; Digital image processing; 

Artificial intelligence.   
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1 Introduction 

The forthcoming manufacturing systems are a popular subject around the scientific and industrial 

sectors. Within this scope, digital manufacturing (DM), and its role in the fourth industrial 

revolution emerges has a topic of great relevance for the development of the smart machining 

systems [1, 2], as shown in Figure 1. It is important to mention that, in many production sectors, 

DM is already a well-implemented reality, where computer systems are responsible for monitoring 

and control manufacturing processes [1–3].  

However, several characteristics, intrinsic to the machining process dynamics have contributed 

to delay in the introduction of digital technologies in machining operations, such as turning, milling, 

drilling [1]. An  aspect worth mentioning is the multivariate character and complex interconnection 

between the entrance and response variables in machining operations, which makes the 

development of predictive models a challenging task [4]. Numerous authors developed 

experimental work to create statistical, artificial intelligence (AI) and hybrid models, as well as, to 

validate numerical models developed with the finite element method (FEM) [5]. FEM simulations 

have been parametrized, to generate digital twins of machining operations, to study the 

thermomechanical response during cutting and to select the best cutting settings for different 

combinations of materials and tools [6–8]. The artificial intelligence models, created using neural 

networks (NN), fuzzy logic and machine learning have been gaining popularity in the machining 

field, since they can predict variables, such as tool wear, tool life, surface roughness that are used 

to control the machining process and guarantee the quality of the machined components [9, 10]. 

AI-tools have been also used in the development of machining simulations, namely in the 

selection of the simulation parameters, but also in the optimization of cutting operations designed 

with FEM [11]. AI algorithms and machine learning are frequently behind the development of 

smart machining systems [12]. 

The integration of digital tools for monitoring and controlling machining operations is also and field 

that has to be developed in the scope of industry 4.0. In other manufacturing system, processes 

control can be achieved through monitoring systems, such as sensors and/or machine vision 

systems (MVS) that work along with process models that relate the system's current status with 

the required one [3, 13].  



  

 
 

 

Figure 1. Components of an intelligent system. 

 

 



  

 
 

Researchers have been using sensors, including, dynamometers, thermocouples, 

accelerometers, embedded in the machining system to study the process dynamics [14–17].The 

obtained signals (cutting forces, workpiece and tool temperature, vibration, and others) are then 

used to create machining models that relate the measurements with other variables, namely, tool 

wear, surface roughness, chip morphology [18–20]. The machining process dynamics can be also 

evaluated using machining simulations [21–23]. However, introduce conventional sensors, such 

as piezoelectric dynamometers, into machining systems results in high implementation costs, 

also, the equipment take time to install and are characterized by not being portable (they are 

typically attached into the tool holder or working table [24, 25]. To address to these limitations, a 

line of research in the field of intelligent machining consist in the development of smart cutting 

tools. Several authors reported the creation of smart cutting tools for cutting force measurement, 

using piezoelectric films [26], optical fibers [24], acoustic wave strain sensors [27], micro-electro-

mechanical system strain gauge [25], the designed tools were characterized by having an 

equivalent performance and a lower cost when compared with conventional piezoelectric 

dynamometers.   

In some manufacturing systems, online process monitoring, and control are achieved through 

MVS, which uses digital cameras to observe the process and apply algorithms to extract 

information from digital images to make decisions regarding the process [28]. Nevertheless, in 

machining, the region of interest is focused in the cutting zone, where the interaction between the 

tool and the workpiece occurs, as well as the formation of chips. However, this area can be difficult 

to observe due to the type of operation, the occurrence of wrapped metal chips, and the presence 

of lubricants that cover the cutting zone. Some authors have been using digital cameras to 

observe the cutting process in real-time [28] to evaluate the mechanism of metal chip formation 

[29], and the formed machined surface [9]. Yet, most reported works were conducted under dry 

conditions, in turning operations, with samples designed to allow the proper detection of the 

interest zone by the digital camera, which limits the use of such systems more widely.  

It is important to highlight, that a digital image can be a reach source of information regarding the 

machining process, and while online acquisition systems are less common (but quite useful for 

digital manufacturing), offline observations of the cutting tools, metal chips, and machined 

surfaces have been explored by machining researchers for developing process models and study 



  

 
 

aspects regarding the tool wear and life [30, 31], the morphology and microstructure of metal 

chips [23] and the integrity of machined surfaces (topography, microstructure, and others) [23, 

30].  

Given the state-of-art reported previously and considering that industry 4.0 intends to interconnect 

the manufacturing chain via the internet of things, it is necessary to convert relevant process 

information in digital data (digitization) to be used in process modeling, optimization, control and 

communication [32]. Digitizing and modelling the machining process is crucial to provide to the 

system the  “ability to correctly interpret external data, to learn from such data, and to use those 

learnings to achieve specific goals and tasks through flexible adaptation” [33]. An intelligent 

machining system must has equivalent skills to those performed by an experienced operator 

including, monitoring, decision and diagnostic capabilities, required for an accurate response in 

different operating scenarios [1, 4]. As shown in Figure 1, decision and diagnostic capabilities rely 

on predictive process models that relate the entrance and response variables in machining 

operations [1]. If the conditions change, those models can predict the new working state, 

recognize failure, and relate faults and effects [4]. This arrangement of acquiring and applying 

knowledge is the key to an adaptively controlled machining system and for the development of 

smart machining techniques  [4, 34].  

The review scope is focused in computational tools for modelling, including FEM simulations to 

create machining process digital twins and AI algorithms to develop predictive models, as well as, 

in digital image processing techniques for digitizing the machining process. The intelligent, 

predictive, and digital character of these methodologies is in line with the requirements for industry 

4.0 and smart machining implementation. The article mainly reports research work developed in 

Ti6Al4V titanium alloy, or techniques applied to other metallic alloys that can be used in different 

materials. Titanium alloy, such as Ti6Al4V have been used to produce high-value application in 

several industries, including naval, automotive, and biomedical. However, this material is known 

to be difficult-to-cut by machining, which arises the need of further investigation on methods to 

improve the maquinability and quality of the machined parts [35, 36]. 

Section 2 starts with a description of Ti6Al4V alloy in terms of properties and machining behavior. 

Section 3 is about Ti6Al4V machining simulations with FEM, the constitutive material models for 



  

 
 

Ti6Al4V are presented in section 3.1, the friction models that explain the contact conditions at the 

tool-chip interface in Ti6Al4V machining are in section 3.2. In section 3.3, a summary table (Table 

5) that contains the modeling strategies adopted by field researchers is presented, followed by 

the chapter major conclusions. Section 4 is dedicated to AI methods in the development of 

predictive models using Ti6Al4V machining data, section 4.1 is about ANN, section 4.2 describes 

the fuzzy logic theory, section 4.3 refers to the adaptive neuro-fuzzy inference system. In section 

4.4 a summary table (Table 6) with the strategies used authors to create predictive models for 

Ti6Al4V machining process is presented, followed by the chapter major conclusions. Section 5 

outlines the application of DIP to the digitization of machining outputs, a summary table (Table 7) 

was created to summarize relevant research work. In discussion and outlook section (section 6) 

the future research lines are debated considering the main conclusions of this investigation, also 

a summary table (Table 8) containing smart machining techniques and smart cutting tools 

developed by researcher is presented and discussed. 

2 Thermo-mechanical properties and machining behavior of Ti6Al4V 

Ti6Al4V is a biphasic titanium alloy, aluminum is the stabilizer of the alpha-phase, while vanadium 

is the beta-phase stabilizer [29, 37, 38]. Ti6Al4V alloy has been used by medical and aerospace 

industry since it presents good mechanical property combinations of high yield strength and 

resistance to corrosion and fatigue [35, 39, 40]. The processing steps behind Ti6Al4V alloy 

fabrication will produce a microstructure, characterized by the grain size, the alpha-beta-phase 

volume fraction and the phase morphology [35, 38, 41–43].  

Consequently, under machining conditions, the mechanical properties and deformation behavior 

will occur differently according to the alloy microstructure [38, 41, 44]. In this context, Sun [41] 

carried out machining tests with Ti6Al4V alloys with different microstructural arrangements and 

evaluate how the chip formation and the cutting forces change for different cutting conditions. The 

authors reported that, for cutting speeds lower than 100 m/min, the cutting force was lower for the 

globular phase morphology when compared with bi-modal and lamellar. Those results match with 

the tendencies presented by Peters [38] that stated that coarse and lamellar arrangements have 

lower strength and ductility compared to fine and equiaxed morphologies. Consequently, the last 



  

 
 

group of microstructures will be easier to cut and the expected cutting forces during machining 

will be lower [41, 44]. 

Yet, Ti6Al4V is known as a difficult-to-cut material due to its thermo-mechanical properties. Even 

at high-temperature Ti6Al4V has the capacity to maintain strength. Additionally, the plastic 

deformation that occurs during Ti6Al4V machining, promotes the workpiece strengthening due to 

work hardening effect, consequently, high cutting forces are expected in Ti6Al4V machining [40]. 

The metal chip produced during Ti6Al4V machining reveals information about the alloy 

deformation mechanism. For a wide range of cutting parameters, segmented chips occur in 

Ti6Al4V machining. Numerous authors explain this morphology with the occurrence of localized 

deformation mechanisms along with crack growth [45]. The adiabatic shear band is formed due 

to the coexistence of two opposite mechanisms, which are the material strain hardening and 

thermal softening effect, that alter the material resistance to plastic deformation [40]. Chip 

segmentation promotes the variation of the chip thickness, which induces higher cutting forces, 

tool vibration and chatter along with worst surface finishing [45, 46]. 

Another issue regarding Ti6Al4V machining is the high chemical affinity between the alloy and 

the available cutting tools. This phenomenon potentiates the tool wear rate, which reduces the 

dimensional accuracy of the machined part [40, 47].  

Also, Ti6Al4V has a low thermal conductivity, which means that the heat at the cutting zone is not 

dissipated by either the workpiece or the metal chip, but by the cutting tool [47]. Therefore, the 

tool wear rate will increase along with a reduction in tool life. A worn-out tool will increase the 

specific cutting force and promote a worst machined surface finishing [40, 46, 47].  

3 Numerical modeling of Ti6Al4V machining process using FEM  

It is important to keep in mind that, whatever the purpose may be, predict outcomes or process 

optimize, to modeling machining, using the FEM, the models should be capable to replicate the 

Ti6Al4V behavior in real machining setups. For this reason, the results of analytical and empirical 

models are often entered into numerical simulations to validate them. For example, the 

experimental cutting forces can be used to analytically calculate the friction coefficient, which is 

an input for simulations [23, 29]. Then, the simulated and experimental forces can be compared, 



  

 
 

in terms of deviations in order to validate the machining simulation. Machining modeling with FEM 

relies upon data from the workpiece, the cutting tool and the interaction between them, as shown 

in Figure 2.  

 

Figure 2. Machining modelling requirements using finite element method (FEM). 

 

3.1 Phenomenological constitutive models for Ti6Al4V machining modeling 

In machining, the cutting tool edge is pressed against the workpiece causing plastic deformation 

of the workpiece material, as well as, the physical separation of metal layers  [48]. The 

deformation parameters, specifically strain, strain rate and temperature, will change along with 

the material flow stress behavior [49]. For this reason, the development of machining simulations 

requires a material flow stress model, that governs the response of the deforming material. The 

workpiece material model is critical data for machining simulations with FEM [36, 48] because it 

changes the system response in terms of cutting forces, temperature distribution and chip 

morphology [50]. The phenomenological models commonly used to simulate Ti6Al4V machining 

are presented in Table 1. Among them the Johnson-Cook (J-C) plasticity model [51], the modified 

J-C model presented by Calamaz [49] and the power viscosity law. 



  

 
 

Table 1. Phenomenological constitutive models for machining modeling Ti6Al4V. 

Johnson-Cook (J-C) Material Model [51] 

𝜎 = [𝐴 + 𝐵. 𝜀𝑝
𝑛] [1 + 𝐶. (

𝜀𝑝̇

𝜀0̇

)] [1 − (
𝑇 − 𝑇0

𝑇𝑚 − 𝑇0

)
𝑚

] 

Flow stress = Strain hardening x Strain-rate (viscosity) x Thermal softening  

eq.1 

Modified Johnson-Cook  

𝜎 = [𝐴 + 𝐵. 𝜀𝑝
𝑛. (

1

𝑒𝑥𝑝(𝜀𝑝
𝑎)

)] [1 + 𝐶. (
𝜀𝑝̇

𝜀0̇

)] [1 − (
𝑇 − 𝑇0

𝑇𝑚 − 𝑇0

)
𝑚

] ℎ(𝜀𝑝, 𝑇) 
 

𝐷 = 1 − (
𝑇

𝑇𝑚

)
𝑑

;  𝑆 = (
𝑇

𝑇𝑚

)
𝑏

 

Flow stress = Strain hardening x Strain-rate (viscosity) x Thermal softening x Strain 
softening 

 

Proposed by Calamaz [49] 
 

 ℎ(𝜀𝑝, 𝑇) = [𝐷 + (1 − D). tanh (
1

𝜀𝑝 + 𝑆
)

𝑐

] ; eq.2 

Proposed by Sima & Ozel  [52] 

ℎ(𝜀𝑝, 𝑇) = [𝐷 + (1 − D)tanh [tanh (
1

(𝜀𝑝 + 𝑆)
𝑒)

𝑓

]] ; 
eq.3 

Adaption of the Ludwick hardening term of  Harzallah et al. [53] 
 

𝜎 = 𝐴(𝜀̇, 𝑇) + 𝐵(𝜀̇, 𝑇). 𝜀𝑝
𝑛(𝜀̇,𝑇) 

Flow stress = yield strength x hardening modulus x hardening coefficient 

eq.4 

Power Viscosity Law [54] 

𝜎 = 𝑔(𝜀𝑝). 𝛤(𝜀𝑝̇). 𝛩(𝑇) 
eq.5 

𝑔(𝜀𝑝) = 𝜎0 [1 +
𝜀𝑝

𝜀0

]

1
𝑛

;  𝛤(𝜀𝑝̇) = [1 +
𝜀𝑝̇

𝜀0̇

]

1
𝑚

;  𝛩(𝑇) = 𝑐0 + 𝑐1. 𝑇 + ⋯ 

σ: flow stress; εp: plastic strain; ε̇p: plastic strain rate; ε0: reference plastic strain; ε̇0: reference 
plastic strain rate; T: absolute temperature; T0: reference temperature; Tm: absolute melting 
temperature; A, B, C, m, n, a, b, c, d, e, f: empirically determined model parameters. 

3.1.1 Johnson-Cook material & damage model 

The J-C flow stress is calculated considering the coupled effects of the material strain hardening 

(Ludwick hardening term), the strain-rate dependency and the material thermal softening 

(equation 1). The J-C model was adopted by authors [36, 47, 48, 50, 53, 55, 56] to simulate 

Ti6Al4V machining. To obtain the model parameters, mechanical tests, such as Hopkins pressure 

bar testing are required to empirically fit the stress-strain curves into the model [57–62]. Those 

tests are performed under high strain, strain rate and temperature to replicate what happens to 



  

 
 

he material under machining conditions [36, 53, 63]. Table 2 contains the J-C parameters often 

used for different Ti6Al4V machining. 

Despite being widely employed, the J-C model presents a few downsides, one of them being the 

inaccuracy for strain rates above 103 s-1 and strains beyond 0.3, which are achieved in industrial 

machining [49]. Additionally, the model does not capture the shear banding that occurs in Ti6Al4V 

chips [49, 64]. To address this limitation, the J-C model is typically implemented with a damage 

criterion. Table 2 contains two material damage criteria used in Ti6Al4V machining simulations, 

the J-C damage model and Cockroft and Latham (C-L) fracture model [65], both models can be 

used to obtain the serrated chips in Ti6Al4V machining simulations. 

To apply the J-C damage model it is necessary to calculate the plastic strain (equation 6), then, 

the plastic strain value is updated in equation 7, when WD reaches the value 1, the damage 

initiation occurs. In simulation environment, this means that the separation of the metal chip from 

the cutting tool-workpiece interface happens when the deformation parameters (strain and stress) 

at cutting insert tip node are greater than the values supported by the workpiece material [50, 55]. 

The C-L damage criterion, shown in equation 8, is a fracture criterion that describes the conditions 

in which deformation leads to material fracture, the model relates the mechanism responsible for 

crack formation (chip segmentation) to the material tensile stress state. The C-L damage model 

was used by several authors to describe Ti6Al4V chip formation [36, 49, 66, 67]. 

Table 2. J-C model parameters and damage models for Ti6Al4V machining operations 

Process 
A B 

C n m Obtained from 
(MPa) 

Orthogonal Cutting 
Syed 2004 [68] 

1098 1092 0.014 0.93 1.1 Lesuer 2000 [57] 

Orthogonal Cutting 
Calamaz 2008 [49] 

968 380 0.0197 0.421 0.577 Li 2006 [69] 

Orthogonal Cutting 
Sekar 2011 [66] 

782.7 498.4 0.028 0.28 1 Lee & Lin 1998 [58] 

987.8 761.5 0.0152 0.4143 1.516 Ozel & Karpat 2007 [59] 

1104 1036 0.0139 0.6359 0.779 Khan et al. 2004 [60] 

1098 1092 0.014 0.93 1.1 [57] 

 

 



  

 
 

Milling 3D 
Bajpai 2014 [55] 

1098 1092 0.014 0.93 1.1 
[57] 
Özel & Zeren 
2004 [70] 

Orthogonal Cutting 
Ducobu 2014 [45] 

862 331 0.012 0.34 0.8 
[57, 70]  
Sun & Guo 2009 
[71] 

Helical Cutting  
Ji 2015 [56] 

880 331 0.012 0.8 0.34 - 

Orthogonal Cutting 
Zhang 2015 [47] 

862 331 0.012 0.34 0.8 
[57] 

1098 1092 0.014 0.93 1.1 

Face Milling 
Niesłony 2015 [72] 

500 864 0.01594 0.196 0.605 - 

Orthogonal Cutting 
& Turning 
Niesłony 2015 [73] 

968 380 0.0197 0.421 0.577 [69] 

Orthogonal Cutting 
Harzallah 2017 [53] 

880 582 0.041 0.35 0.63 
Harzallah 2017 
[53] 

High speed 
machining (2D) 
Li 2017 [50] 

782 498 0.028 0.28 1 [58] 

Broaching 
Ortiz-de-Zarate 2018 
[36] 

1130 530 0.0165 0.39 0.61 - 

Drilling 3D 
Parida 2018 [48] 

880 331 0.012 0.8 0.34  

A: initial yield stress; B: hardening modulus; C: strain rate dependency coefficient; n: strain 
hardening coefficient; m: thermal softening coefficient; 

J-C damage model 

𝑊𝐷 = ∑
∆𝜀𝑝

𝜀𝑝𝐷

 eq.6 

𝜀𝑝𝐷
= [𝑑1 + 𝑑2𝑒

(𝑑3
𝜎𝑛

𝜎𝑚𝑖𝑠𝑒𝑠
)
] [1 + 𝑑4 ln (

𝜀𝑝̇

𝜀0̇

)] [1 + 𝑑5

𝑇 − 𝑇0

𝑇𝑚 − 𝑇0

] eq.7 

Cockroft and Latham (C-L) fracture model [65] 

∫ 𝜎𝑚𝑎𝑥

𝜀𝑓

0

𝑑𝜀𝑝 = D 
eq.8 

WD: J-C damage parameter; ∆εp: plastic strain increment; εpD: plastic strain at damage initiation;  
σn: hydrostatic pressure; σmises: Mises stress; εf: limit failure strain; σmax: maximum principal 
stress; d1, d2, d3, d4, d5: failure parameters of J-C damage model; D: C-L damage value. 

3.1.2 Other relevant material models for Ti6Al4V machining simulations 

The Hyperbolic TANgent law (TANH) proposed by Calamaz [49] is shown in equation 2 and is an 

adaptation to the J-C law. The model adds up the strain-softening effect into the original J-C 



  

 
 

model, in order to account with the dynamic recrystallization effect that happens when the 

workpiece material is deformed in machining operations [49, 64]. The THAN term captures the 

softening effect that happens at high strain and strain rates, thus the shear banding that happens 

in Ti6Al4V metal chips is captured by the model without any damage model [49]. The model 

parameters A, B, C, m, n have the same meaning as for J-C model a, b, c, d are the new material 

constants for TANH law. Sima and Özel [52] also developed a TANH model inspired by the one 

proposed by Calamaz [49], this new model adds a new parameter that allows further control of 

the softening effect. Harzallah et al. [53] proposed a flow stress model which is an adaption of the 

Ludwick hardening term (strain hardening), the formulation is demonstrated in equation 4. The 

coupling between strain rate and temperature is allowed through the material parameters, that 

were calculated with dynamic compression tests. 

3.2 Contact and friction models for Ti6Al4V machining modeling 

Frictional models are complex, however crucial in machining simulations since they describe the 

interactions at the tool-chip interface. Aspects such as stress distribution, in machined surface 

and cutting tool, strain and cutting temperature will increase with severe tool-chip frictional 

conditions [74]. For this reason, lubrification and or cooling strategies are used when machining 

Ti6Al4V to improve the contact conditions [75–77]. In machining operations where the friction 

conditions are extreme, more energy is required to cut and higher tool wear rate is expected, 

reducing the tool life and the integrity of the machined part [5, 50, 64].  

One of the first approaches to modeling friction in machining FEM models was to use Coulomb’s 

friction law. Accordingly to this model (equation 9 from Table 3), the frictional shear stress (τf) on 

the tool rake face is proportional to the normal stress (σn) where the coefficient of proportionality 

is the coefficient of friction (μ). However, several authors agree that the friction in the rake face is 

not constant along with its extension and is a function of normal and frictional stress distributions 

[78].  

 

 

 



  

 
 

Table 3. Friction models for Ti6Al4V machining simulations. 

Coulomb friction law 

𝜏𝑓 = 𝜇𝜎𝑛 eq.9 

Shear friction   

𝜏𝑓 = 𝑚. 𝑘 eq.10 

Zorev’s stick-slip model [79] 

𝜏𝑓(𝑥) = 𝜏𝑦 when 
𝜇. 𝜎𝑛(𝑥) ≥  𝜏𝑦 

0 < 𝑥 < 𝑙𝑝 

Cohesive or sticking: near cutting 
edge, tool tip. 

eq.11 

𝜏𝑓(𝑥) = 𝜇. 𝜎𝑛(𝑥) 
when 𝜏𝑓 < 𝜏𝑦 

𝑙𝑝 < 𝑥 ≤ 𝑙𝑐 

Slip or sliding: towards the end of 
the contact. 

Coulomb-Tresca friction model 

if 𝜇𝜎𝑛 = 𝜏𝑦 𝜏𝑓 = 𝜏𝑦 

𝜏𝑦 = 𝑚. 𝑘 

Cohesive or sticking: near cutting 
edge, tool tip. 

eq.12 

if 𝜏𝑓 < 𝜏𝑦 𝜏𝑓 = 𝜇𝜎𝑛  
Slip or sliding: towards the end of 
the contact. 

τf: frictional shear stress; μ: coefficient of friction; σn: tool-chip normal stress; τy: shear stress of 
the material; lp: transitional zone; lc: tool-chip contact length; m: friction factor, k: work material 
shear flow stress. 

Zorev [79] proposed a friction law (equation 11), to modeling the contact at the chip-tool interface 

conditions in terms of normal and shear stress distribution. The model considers that the contact 

conditions at the chip-tool interface change along the contact length (lc), where two main regions 

are considered, a sticking and a sliding zone [53]. The cohesive or sticking contact occurs near 

the edge radius, in this region, the frictional stress is equal to the chip material ultimate shear 

stress, while, at the sliding region the friction stress is calculated with the Coulomb friction law. 

Other authors, implemented the friction models in FEM based on classic friction models such as 

the Coulomb friction model and the Tresca friction model (shear friction model) as demonstrated 

in equation 12 [49]. The Ti6Al4V friction models as well the constants are presented in Table 3 

and Table 4 respectively, for different machining operations under different cutting conditions. 

 

 

 

 



  

 
 

Table 4. Friction coefficient for several machining operations in Ti6Al4V alloy. 

Machining process 
Friction model & 
Lubrifaction-Cooling  

Cutting speed 
[m/min] 

μ m 

Orthogonal Cutting 

Syed 2004 [68] 

Coulomb  

Dry 
10-100 

0.3, 0.5, 

0.7, 0.8 
- 

Orthogonal cutting 

Calamaz 2008 [49] 

Coulomb-Tresca 

Dry 
60,180 0.05, 0.3 1, 0.5 

Orthogonal cutting 
2D 

Sima & Ozel 2010 [52] 

Rake face split in 3 zones 

Dry 
121.9, 240.8 

sticking m=1; shear 
friction m= 0.85-0.9; 
sliding μ= 0.5 

Orthogonal cutting 
2D & Turning 3D 

Ozel & Sima  [80] 

as in  [52]; Dry 120 2D: as in  [52] 

Only shear friction  

Dry 
100 3D: m= 0.85-0.9 

Orthogonal Cutting 

Sekar 2011 [66] 

Coulomb 

Dry 
24, 40, 61, 93 0.3 

Orthogonal Cutting 

Chiappini 2014 [67] 

Shear friction 

Dry 
40 - 0.7 

Milling 

Bajpai 2014 [55] 

Coulomb 

Dry 
25, 50 0.6 - 

Orthogonal Cutting 

Ducobu 2014 [45] 

Coulomb 

Dry 
75 0.05 - 

Helical Milling  

Ji 2015 [56] 

Coulomb 

Cold air 
47, 63, 79, 94 0.5 - 

Orthogonal Cutting 

Zhang 2015 [47] 
Coulomb 90 0.2 - 

Face Milling 

Niesłony 2015 [72] 
Coulomb  80 0.5 - 

Orthogonal Cutting  

Joshi 2015 [23] 

Coulomb; At room 
temperature; Liquid 
Nitrogen; with heating 

23.4, 91.8 0.62 - 

Orthogonal Cutting 

Harzallah 2017 [53] 
Coulomb-Tresca 15, 25 0.2 - 

High speed 
machining (2D) 

Li 2017 [50] 

Coulomb-Tresca 80, 120, 160 - - 

Broaching 

Ortiz-de-Zarate 2018 
[36] 

Stick-Slip 

Dry 
2.5, 7.5 0.7 1 

Drilling 

Parida 2018  

[48] 

Coulomb  25, 45, 60 0.6 - 



  

 
 

3.3 Finite element modeling for Ti6Al4V machining: strategies, goals & challenges 

Table 5 summarizes strategies, along with the researcher’s goals in developing Ti6Al4V 

machining simulations. It can be observed that an accurate FEM machining model must 

guarantee a satisfactory prediction of the chip morphology, as well as a good estimative of the 

forces generated in real machining operations.  

To validate those models, the process outputs are quantified with other methodologies such as 

empirical and (or) analytical modeling and compared with the values obtained with FEM [36, 47, 

80, 81, 49, 50, 52, 53, 55, 66–68]. Authors often carry out experiments or refer to other 

researcher’s work [45, 68] to compare the digital images of metal chips with the ones simulated. 

The digital images of the metal chips are collected from machining operations and morphological 

features, such as peaks, valleys are extracted using DIP techniques [49, 50, 52, 66, 67, 80, 82, 

83]. Most of the machining models found for the Ti6Al4V alloy were developed and validated 

assuming dry conditions (Table 4), however, several cooling and lubrification strategies (MQL, 

cryogenic, cooled air) are used in industrial Ti6Al4V machining to improve the alloy machinability. 

Given this, it is important to create more Ti6Al4V machining models that include the influence of 

lubrification. This is a challenging task as it is necessary to translate the Ti6Al4V machining 

behavior when using lubrification strategies into parameters that can be parameterized in the FEM 

software.  

Another important conclusion is that most of the FEM simulations were developed to calculate 

fundamental variables such as the ones described in Figure 1. Firstly, because some of those 

outputs are needed to validate simulations and sometimes because those outputs are difficult to 

measure accurately through experimental trials. However, authors such as Ozel & Sima [80] 

proposed a numerical model to predict tool wear, based on the adhesive wear model proposed 

by Usui et al. [84]. The authors used digital images of the worn-out tool to validate the proposed 

model. Other authors used the response variables measured with FEM to enter data into 

analytical models. For example,  Zanger and Schulze [85] performed and validated a series of 

numerical simulations to obtain the state variables that influenced the tool wear during Ti6Al4V 

machining (for instance, stress, temperatures, chip contact, chip velocity) accordingly to analytical 

wear models. Then, the response variables were used to parameterize those analytical models. 



  

 
 

Bai in 2017 [81] used simulations in FEM to validate an analytical model of chip formation for 

Ti6Al4V, the model was able to predict the formation of segmented and continuous chip 

depending on the material machining conditions. This type of model can be very useful in the 

future machining systems since allows the optimization of cutting parameters based on the 

characteristics of the metal chip. Seems that the hybrid, numerical-analytical, numerical approach 

can be useful in order to reduce the computation time especially in 3D simulations. 

Another approach may be the one proposed by Li et al. [50] where the authors obtained the plastic 

strain, strain rate and temperature using FEM in order to use the collected data to enter into a 

microstructural texture simulator, called visco-plastic self-consistent (VPSC) to predict 

microstructural features of the machined surface resulting from machining processes.  

 



  

 

Table 5. FEM strategies for several machining operations in Ti6Al4V. 

Machining 
process 

Material & damage & 
friction model; software; 
numerical formulation 

Numerical outputs Experimental outputs 

Orthogonal 
Cutting 

Syed 2004 
[68] 

Material: J-C (eq.1)  

Damage: Recht’s shear 
failure criterion [86]  

Friction: Coulomb (eq.9); 
AdvantEdge 2D; LAG 

Plastic strain 
Temperature 

Machining forces 

Chip morphology 

Not experimental, but 
from [20, 87, 88] 

Machining forces 

Chip morphology  

Orthogonal 
cutting 

Calamaz 2000 
[49]  

Material: J-C (eq.1) , 
TANH (eq.2); 

Material & Damage:  

J-C (eq.1) + C-L (eq.8); 

Friction: C-T (eq.12) 

Forge 2D   

Chip morphology 

Machining forces 

Plastic strain 
Temperature 

Chip morphology 
Machining forces 

Orthogonal 
cutting 2D 

Sima & Ozel 
2010 [52] 

Material: J-C (eq.1); TANH 
(eq. 2); Sima & Ozel (eq.3) 

Friction: sticking m=1 

shear: m= 0.85/0.9 

sliding: μ= 0.5 

Deform 2D; LAG 

Chip morphology & 
thickness  

Machining forces 

Strain 

Chip temperature 

Chip morphology & 
thickness 

Machining forces 

Orthogonal 
cutting 2D 
&Turning 3D 

Ozel & Sima 
2010 [80] 

Material:  

Sima & Ozel (eq.3) 

Friction: 2D: same as [52]; 
3D: eq.10 

Deform 2D/3D; LAG 

2D/3D: Machining 
forces; 2D: Chip: 
peak & valley, Strain; 
3D: Tool & chip 
temperature, tool 
wear rate 

2D/3D: Machining 
forces; 2D: Chip: 
peak, valley; 3D: tool 
wear rate 

Orthogonal 
Cutting 

Sekar 2011  

[66] 

Material: J-C (eq.1) 

Damage: C-L (eq.8) 

Friction: Coulomb (eq.9); 
Deform 2D; LAG 

Chip morphology, 
Cutting & feed 
forces, Stress & 
strain, Chip 
temperature 

Cutting & feed 
forces, Chip 
morphology: peak, 
valley, pitch, 
compression ratio 

Orthogonal 
Cutting 

Chiappini 2014 
[67] 

Damage: C-L (eq.8) 

Deform 2D 

Friction: eq.10 

Deform 2D; LAG 

Machining forces 

Chip: peak, valley, 
spacing, thickness, 
Cutting & tool 
temperature 

Machining forces 

Chip: peak, valley, 
and thickness 

Temperature 
(thermocouple) 

Milling 

Bajpai 2014 

[55] 

Material: J-C (eq.1) 

Damage: J-C (eq.6 & 7) 

Friction: Coulomb (eq.9) 

Abaqus explicit 3D 

Cutting forces 

Chip: size & shape 

Cutting forces 

Chip: size & shape 

Orthogonal 
Cutting 

Ducobu 2014  

[45] 

Material:  

TANH (eq.2) + ALE 

J-C (eq.1) + LAG 

TANH (eq.2) + LAG 

Friction: Coulomb (eq.9); 
Abaqus explicit 2D 

Chip formation 
Cutting forces 

Stress 

Chip temperature 

Not experimental, but 
from literature: 
Cutting forces [89], 
Chip morphology 

[82, 89] 

Helical Milling  

Ji 2015  

[56] 

Material: J-C (eq.1) 

Damage: J-C (eq.6 & 7) 

Friction: Coulomb (eq.9) 
Abaqus explicit 3D; LAG 

Machining forces 

Chip morphology: 
peak, valley, pitch; 
Stress distribution 

Machining forces 

Chip morphology: 
peak, valley, pitch 



  

 

Orthogonal 
Cutting 

Zhang 2015 

[47] 

Material: J-C (eq.1) 

Damage: J-C (eq.6 & 7) 

Friction: Coulomb (eq.9); 
Abaqus explicit 2D 

ALE, LAG, CEL 

Chip: geometry, 
compression ratio 
Machining forces 

Plastic deformation 

Temperature 

Chip: geometry, 
compression ratio 

Machining forces 

Face Milling 

Niesłony 2015 
[72] 

Material:  

J-C (eq.1); P-L (eq. 5) 

Friction: Coulomb (eq.9) 

AdvantEdge 3D; LAG 

Machining forces 

Temperature 

Machining forces 

Temperature 
(infrared camera) 

Orthogonal 
Cutting & 
Turning 

Niesłony 2015 

[73] 

Material:  

J-C (eq.1); P-L (eq. 5) 

AdvantEdge 2D/3D; LAG 

Residual stress 
sublayer (available in 
AdvantEdge) 

Residual stress 
sublayer (X-ray 
diffraction) 

Orthogonal 
Cutting  

Joshi 2015  

[23] 

Material:  J-C (eq.1); 

Damage: C-L (eq.8); 

Friction: Coulomb (eq.9) 

Deform 2D; LAG implicit 

Chip morphology 

Cutting temperature 

Temperature; Chip 
morphology; 
Microstructure, 
Residual stress; 
Cutting forces 

Orthogonal 
Cutting 

Harzallah 
2017 [53] 

Material: J-C (eq.1)  

Modified J-C (eq.4) 

Damage: J-C (eq.6 & 7) 

Friction: C-T (eq.12)  

Abaqus explicit 2D; LAG 

Machining forces 

Chip geometry 

Strain 

Cutting temperature 

Machining forces 
Strain 
Chip length 
Shear angle (from 
images captured in 
real-time) 

High-speed 
machining 2D 

Li 2017  

[50] 

Material: J-C (eq.1) 

Damage: J-C (eq.6 & 7) 

Friction: C-T (eq.12) 

Abaqus explicit 2D; LAG 

Machining forces 

Plastic strain & rate 

Temperature  

Chip morphology: 
peak, valley, spacing 

Machining forces 

Chip morphology: 
peak, valley, spacing 

Orthogonal 
Cutting 

Bai 2017 

[81] 

Material & Damage: 

TANH (eq. 2) 

Shear stress 

Tool-chip: strain and 
temperature 

Chip morphology 

Analytical [81] & 
empirical model to 
obtain: tool-chip 
contact length, 
friction, shear angle, 
machining forces, 
chip segmentation  

Broaching 

Ortiz-de-
Zarate 2018 

[36] 

Material: J-C (eq.1) 

Damage: C-L (eq.8) 

Friction: S-S (eq.11)  

Deform 2D; LAG implicit 

Machining forces 

Chip morphology 

Residual stress 

Surface roughness 

Surface topography 

Machining forces 

Chip morphology 
Residual stress 

Microstructural 
damage 

Drilling 

Parida 2018  

[48] 

Material: J-C (eq.1) 

Friction: Coulomb (eq.9) 

Deform 3D; LAG  

Drill bit temperature, 
Stress & strain 

Thrust force 

Torque 

Circularity 

Surface roughness 

Thrust force 

Torque 

Circularity 

J-C: Johnson-Cook; C-L: Cockroft-Latham; C-T: Coulomb-Tresca; ALE: Arbitrary Eulerian-
Lagrangian; CEL: Coupled Eulerian-Lagrangian; LAG: Lagrangian; S-S: sticking and sliding 
model Zorev’s. 



  

 

4 Artificial intelligence-based modeling for Ti6Al4V machining process  

The two main strategies considered in this review are the artificial neural network (ANN) and the 

fuzzy logic theory, as both methods have been used in modeling Ti6Al4V machining. Through 

these methods, it is possible to create models that relate the entrance variables with the 

generated response along with the possibility to create machining predictive models [90]. 

4.1 Artificial neural networks to predict Ti6Al4V machining response 

An ANN also called neural network (NN) is a model inspired in the structure and functioning of 

the human nervous system. Regarding its operation, the artificial neuron receives signals from 

the previous neurons and emits signals to the following neurons. The strength of the neurons' 

connections is achieved by multiply each input by a suitable value of weight. Afterward, a scalar 

value called bias is added up into the total strength of inputs to determine the neuron activation 

tendency. The output signal is calculated with a nonlinear threshold function. The adjustment of 

weight and bias is made to reduce the error between predicted and the training data [4, 90]. 

 

The neurons in a NN are organized in layers and there are different structures for NN, one of the 

best known is the feed-forward NN, its main characteristic is that each layer has full 

interconnection with the next layer but never with neurons from the same layer. Multi-layered 

perceptron (MLP) and the radial basis function (RBF) neural network are two feed-forward NN 

topologies, the difference between them is associated with the calculations in the hidden layer [4, 

90]. For MLP a sigmoidal activation function is applied to the product of inputs and weights, this 

network is typically trained with backpropagation (BP) algorithm [90]. The RBF neural network 

has only weights between the hidden layer and the output layer. A Gaussian activation function 

is applied to the Euclidean distance between inputs and centers (each neuron of the hidden layer 

is a center). RBF neurons are activated when the center is equal to the input [4]. 

 

The NN intelligence is acquired during the training phase, a BP algorithm is usually used to do 

that. Through an iterative process, the weights and biases are adjusted in the network until an 

input pattern produces a target output with a suitable error. Because of the characteristics 

mentioned before, this type of training is called supervised, the network has access to exemplars 

of both input and output patterns and the data is called training dataset. Both MLP and RBF are 



  

 

supervised neural networks. The efficiency of prediction depends on factors such as the type of 

algorithm and the number of hidden layers, neurons, input and outputs [91, 92].  

Several authors applied neural networks, with different in order to modeling machining operations 

with Ti6Al4V and predict response variables [90, 93, 94].  

Upadhyay et al. [93] used a NN to predict the surface roughness in a Ti6Al4V turning considering 

the cutting conditions along with the vibration measured during experimentation. Two statistical 

models based on multiple regression analysis were created. The first one, related the measured 

surface roughness with the 3 components of the vibration signals, while the second model 

correlated the surface roughness with both cutting conditions and vibration signals. The authors 

used the results from the statistical predictive models to define the neural network configuration 

in terms of inputs since they concluded that modeling only with vibration signals led to higher error 

than using both vibration signals and cutting parameters.  

Rajaparthiban and Sait [94] also create NN in order to predict surface roughness and material 

removal rate in Ti6Al4V turning. The authors conducted experiments to study the interactions 

between the cutting parameters and the response variables using the ANOVA. The statistical 

method provided information to optimize the cutting conditions in order to minimize the surface 

roughness and maximize the material removal rate. The work developed by these authors [93, 

94] highlights the importance to know the interaction between machining variables to 

parameterize a NN.   

Mello et al. [90] also used NN to predict two surface roughness parameters in Ti6Al4V turning. 

The authors used different NN, namely, MLP, RBF and SW-ELM (combines wavelet activation 

function with an ANN) in order to compare the performance of each technique in predicting 

surface roughness. They concluded that SW-ELM achieved the best prediction accuracy along 

with a smaller training time. The SW-ELM method uses two activation functions in the hidden 

layer and for this reason, is better to deal with non-linear transformations.  

4.2 Fuzzy logic theory to predict Ti6Al4V machining response 

In classical set theory, an element is a member of a set or not. In the fuzzy logic (FL), the 

membership grade of an element can be any value in the closed interval [0,1]. An element in a 



  

 

set can have full membership (1), non-full membership grade (0) and partial membership if the 

membership grade is between 0 and 1 [4]. The fuzzy rules are a set of if-then statements that 

create an association between the input and output space [95]. In machining, a fuzzy rule can be 

a statement like “If the feed is low and the cutting speed is low, then the surface roughness is 

medium” [4, 96], the rules can be established based on human experience or based on empirical 

and statistical data.  

For a Ti6Al4V drilling operation, Kumar and Baskar [96] applied fuzzy logic theory to create two 

empirical models, one using fuzzy logic and other using fuzzy logic associated with a statistical 

method called response surface methodology (RSM). To create the models, the authors executed 

experimentation for measuring the forces along with the surface roughness considering. The 

authors used the data from the FL model as input in the response surface methodology (RSM) to 

understand the relationship between the entrance and the response variables. They concluded 

that the hybrid approach FL-RSM was more effective to predict the output variables.  

4.3 Adaptive neuro-fuzzy inference system to predict Ti6Al4V machining response 

The adaptive neuro-fuzzy inference system (ANFIS) is a hybrid approach composed of a feed-

forward NN which has a layer with neuro-fuzzy system [97]. The NN has good learning ability, 

however, the actions inside the neurons are “black-boxes” that the user cannot control. On the 

other hand, the FL theory is a tool to define criteria based on fuzzy rules, which is helpful for the 

decision making processes inside the network. Each neuron receives the input and produces a 

membership grade for that input because the neuron contains a membership function [4].  

With experimental data of a Ti6Al4V turning process, Harsha et al. [91] apply and compare the 

performance of two AI-based modeling techniques, a feed-forward NN and a neuro-fuzzy (ANFIS)  

approach considering three inputs (cutting speed, feed rate and cutting time) and two outputs 

(roughness and tool wear). The results indicate that the second technique was more accurate to 

predict the tool wear and roughness because of the non-linearity presented between inputs and 

outputs. 

Eduardo et al. and Geronimo et al. used ANN, namely MLP and MLP and ANFIS to modeling a 

Ti6Al4V drilling operation [98, 99]. The signals from several sensors, including acoustic emission 

sensors, three-dimensional dynamometer, and Hall effect sensor were collected during a drilling 



  

 

operation. The in-process data along with the hole diameter and the surface roughness were used 

to develop and train the networks. Both studies claim the high accuracy of the methods to predict 

the hole diameter and hole roughness in drilling operations. The authors also stated that the 

methodology could be viable for control the cutting parameters in the drilling process accordingly 

with the output requirement, but also, that the implementation of such systems in the industry 

does not present much investment or changes in the equipment to be monitored [99]. 

4.4 Artificial intelligence models for Ti6Al4V machining: strategies, goals & challenges 

From Table 6 it was possible to understand that authors explore AI-based models to study aspects 

regarding the machined surface integrity, such as surface roughness and geometrical accuracy. 

While others, create models to predict aspects regarding the tool wear and life. The machining 

output prediction provided by this modeling methodology is clearly of great industrial interest. 

AI-based models, namely the NN are frequently trained with data obtained with experiments. This 

means that the network has access to a training dataset that contains entrance and response 

outputs, which usually indicates that a high volume of experimental trials must be performed, to 

obtain machined parts and worn tools. The response variables used to enter data into these AI 

models, can be measured using specific equipment, for example, the surface roughness is often 

quantified with profilometers and in some cases by extracting texture features from digital images 

of the machined surface, in order to create empirical models and or intelligent algorithm models 

to predict the surface roughness based on image features [9, 100]. The tool wear is generally 

measured using digital images from the cutting tools or using intelligent algorithm models as 

described before  (this will be discussed in detail in section 5) [9].  

A major setback for this technique is the amount of data needed to properly train and test an ANN, 

this may mean that intensive experimental and numerical work must be done in order to collect 

the process response variables [101]. The extensive application of these techniques should entail 

creating more partnerships between industrial application specialists and researchers to obtain 

that data from manufacturing systems that operate daily. A well-calibrated AI model has the 

capability to predict the machining response based on new input data which is very useful 

considering the demands for future machining systems and have high potential to make in-

process response estimation conceivable.  



 
 

 
 

Table 6. AI-based models for Ti6Al4V machining process.  

Operation 
Author 

Method Architecture Training algorithm Input neurons Output neurons 

Turning  
Upadhyay et al. 
2013 [93] 

Neural 
Network 

Three layers, one hidden layer with five 
neurons  

BP with Levenberg–Marquardt 
algorithm 

Cutting speed 
Feed rate,  
Depth of cut 
Vibration 

Roughness 

Turning  
Mello et al. 2017 
[90] 

Neural 
Network 

MLP: sigmoidal function 
289 data (85% train + 15% 
test) 

Cutting speed 
Feed rate 
Depth of cut 
Flank wear 
Tool vibrations 

Roughness (Ra and 
Rt) RBF: Gaussian function 

fuzzy C means to calculate the 
centers  

SW-ELM: two activation function inverse 
hyperbolic sine and Morlet wavelet 

 

Turning  
Harsha et al. 
2018 [91] 

Neural 
Network  

Feed-forward three layers, one hidden layer 
with ten neurons 

BP, data set 27 (train) + 8 
(test)  

Cutting speed 
Feed rate 
Cutting time  

Flank tool wear; 
Roughness 

FL “Gbell” membership function three rules for each parameter  

Turning  
Rajaparthiban 
and Sait 2018 [94] 

Neural 
Network 

Multi-layer (MPL) feed-forward ANN with one 
hidden layer with 10 neurons 

BP  
Cutting speed 
Feed rate 
Depth of cut 

Roughness; 
Material removal 
rate 

Turning 
Caggiano 2018 
[18] 

Neural 
Network 

Three-layer cascade forward backpropagation 
ANN  

BP with Levenberg–Marquardt 
algorithm 

Vibration 
Force 
Acoustic emission 

Tool wear 

Drilling  
Eduardo et al. 
2013 [98] 

Neural 
Network 

MLP: three hidden layers 
Transfer function: 
-hidden layer: tansig;  
-output layer: purelin; 

BP, feed-forward algorithm 
(data: 60% train, 20% 
validation, 20% test) 

Spindle speed 
Feed velocity 
Acceleration 
Acoustic emission 
Electrical power 
X, Y, Z force 
Signal from 
sensors 

Maximum diameter 
Minimum diameter 
Surface roughness  

Drilling  
Geronimo et al. 
2013 [99] 

Neural 
Network 

MLP, Transfer function: 
-Titanium: tansig; 
-Aluminum: poslin; 

BP; total data set: 1337 

ANFIS  
Fuzzy inference System: if-then rules 

 



  

 

5 Digital Image Processing in Machining 

DIP refers to the operations of the enhancement and or the extraction of information from digital 

images. Those operations are mathematical algorithms normally applied to a 2-D matrix that 

represents the image pixels [102]. The use of DIP techniques presumes that a digital image 

presents different regions, so the algorithms application highlights the regions interest 

(boundaries, transitions). To segment an image in regions thresholding algorithms are often used. 

The image grey level histogram is used to calculate a limit that distinguish the background from 

the foreground pixels, this process is often called binarization since the image is converted into a 

binary [102, 103].  

A digital image can be a source of significant information about the machining outputs, such as 

the machined surface, the cutting tool and the chips. The use of DIP to inspect the surface integrity 

in machined parts was reported by authors, the covered topics included, the microstructural 

analysis of the surface and cross-section of machined workpieces [39, 104–106], but also the 

texture and topographic features related with the feed marks [100, 103, 107]. 

Some authors applied DIP t to measure the flank wear from digital images of the cutting tool [13, 

108], while others predicted the tool wear using features extracted from digital images of the 

machined surfaces [9, 31, 108]. Some authors defined DIP routines to analyze the metal debris 

produced in machining processes, including the morphological and microstructural features of 

those chips [46, 53], but also the volume and shape of the removed material [32, 109].  

DIP routines are suitable to analyze the alloy microstructural features such as the volume fraction 

of α and β phases, the grain morphology and size from digital images of the raw materials, 

machined parts and metal chips [42, 43, 104, 110]. This is relevant because, the thermo-

mechanical properties and machinability of Ti6Al4V are related to the material microstructure [38, 

41–44]. The volume fraction of the α and β phase in Ti6Al4V changes the deformation mechanism 

of this alloy during the machining process. Also, machining induces microstructural changes in 

the alloy due to high temperature at the cutting zone. DIP was used by authors [42, 43, 104] to 

characterize the microstructure of raw materials and machined parts. For instance, Campbell et 

al. [42, 43] developed a routine to segment and measure α grains in grey level images of Ti6Al4V 

microstructures. They used a watershed algorithm before thresholding to improve segmentation 



  

 

accuracy. Yang [104] used a DIP routine (based on edge detection with a canny algorithm) to 

identify the microstructural changes during a milling process of Ti6Al4V alloy.  

Some authors [9, 31, 100, 103] used DIP to extract texture features from the machined surfaces 

to establish relationships (using AI algorithms and mathematical models) with machining process 

variables such as roughness [100, 103] and tool wear [9, 31, 111]. The texture analysis in DIP 

consists of detecting patterns in an image, which is very useful for machined surfaces since they 

are characterized by feed mark patterns that change with the process conditions [112].  

Texture analysis in machined surfaces obtained with different cutting conditions was performed 

by Kamguem [103]. The images were binarized and three algorithms, namely, gradient factor of 

the surface, the average cycle of texture and the average grey level were used. A set of correlation 

equations between the texture characteristics and the measured roughness were established. 

The estimated roughness using the models showed good accuracy compared with the measured 

values. The key finding in this research was the opportunity of measuring the surface roughness, 

in an indirect way, using a vision system (camera + DIP routine+ mathematical models).  

Umamaheswara et al. [100] also worked with surface texture analysis. The authors used a support 

vector machine algorithm to estimate the roughness and the identify the operation (turning, face 

milling, milling) based on the texture features and the measured surface roughness. 

Dutta et al. [9, 31] also used texture analysis, however, the texture features were used to predict 

the flank wear. The authors proposed a technique where three methods of texture analysis, grey 

level co-occurrence matrix (GLCM), Voronoi tessellation (VT), discrete wavelet transformation 

(DWT) were applied in turned surface images to extract six descriptors related to waviness, feed 

mark, and roughness. A supervised learning algorithm as used for data analysis and 

classification. To predict the progressive tool wear, the algorithm was trained using the extracted 

surface features and the experimental tool flank wear as the target variable. An important remark 

in the research conducted by these authors was that the images were acquired and processed in 

real-time, which is a good indication for the possibility of integrating this solution on a machine 

vision system for monitoring and control of the machining process. 

Some authors [10, 108, 113] applied DIP to evaluate the tool, namely the tool wear. Thakre [108] 

develop a DIP method (thresholding, median filtering, dilation and erosion operations and canny 



  

 

edge detection) to measure tool wear parameters, such as average wear width, wear area, wear 

perimeter.  

Mikołajczyk et al. [10, 113] studied the tool condition for a turning operation with an unsupervised 

NN to detect the worn area based on the pixel brightness. The flank wear was estimated based 

on the number of pixels of the worn area detected by the intelligent algorithm. The estimated flank 

wear was compared with the one measured manually, to validate the results. The manual and the 

image-based flank wear measurements were applied in an ANN to predict the tool life. 

Fernández-Robles et al. [13] proposed a computer vision system to identify broken inserts in 

milling operations. The DIP routine was composed of morphological operations to detect the 

inserts, the criterion established to decide if the insert was broken or not was the geometrical 

deviations between the expected cutting edge and the real cutting edge. The authors concluded 

the article by stating that, the proposed computer vision system has the potential to be 

implemented in online configurations if the insert images were acquired during the transition 

between operation.  

DIP was also used for characterizing the metal chips from machining processes. For a Ti6Al4V 

turning process, Sánchez Hernández [46] evaluated the morphological aspects of the chips, 

namely height peak and valley, shrinkage factor, segment ratio and width, chip thickness and 

shear angle. A mathematical model was defined to establish relationships between the chip- 

parameters and the cutting parameters. Harzallah [53] also studied morphological parameters of 

the metal chips of Ti6Al4V, the chip-geometric features (chip length and height, shear angle, 

frequency of segmentation) were obtained during the machining process using a high-speed 

camera. 

Zuperl [32, 109] developed an machining system with real-time chip size monitoring and feed rate 

control capabilities based on the required surface roughness. The chip volume descriptors were 

created by means of a machine vision system and DIP routine. The chip-descriptors were used 

to feed an ANFIS network in order to predict the surface roughness. The feed rate was controlled 

in order to maintain a constant surface roughness. Few works were found that reached this 

degree of adaptive process control.  



  

 

5.1 Digital image processing in machining: strategies, goals & challenges 

Table 7 summarizes DIP strategies for materials other than Ti6Al4V, since DIP consists in 

methods that can be applied in different materials.  

Authors have been using DIP to analyze morphological aspects of the metal chips formed during 

machining processes  in order to relate them with the cutting conditions [46] or to validate FEM 

models [53]. This task is usually performed using manual DIP [46, 53] instead of automatic DIP 

[32, 109, 114]. However, the manual method is more exposed to the operator observation 

variability than the automatic one and tends to be limited in the number of samples analyzed since 

it is time-consuming [115]. There is a lack of automated solutions to analyze the morphological 

aspects of the serrated metal chips. This represents a setback (and an opportunity) considering 

the requirements for the future machining systems where a large amount of data must be 

collected and transformed in useful information for controlling the machining process.  

In Table 7 for each strategy the solution attributes, in terms of DIP technique (manual or 

automatic) and type of acquisition are described. To do an image-based analysis, a picture must 

be acquired, it could be in real-time, also called online monitoring or following the process, also 

called offline mode. In online monitoring, the digital images are frequently obtained through 

objective lens attached into a high-speed digital camera [53], while in offline mode, a similar set 

can be used, or the images can be captured using microscopes such as optical (OM) or electronic 

scan (SEM) [104]. Most digital images from Table 7 were obtained offline. While online solutions 

are the most relevant in the context of industry 4.0 since they can inform the current state of the 

machining system and process.  



  

 

Table 7. DIP applied in machining process of several materials including Ti6Al4V. 

 Variable/ Material Solution attributes Input Image processing  Output  Other remarks 

Pristine material 
Campbell et al.  
2017, 2018 [42, 
43] 

Ti6Al4V 
Microstructure  

Automated DIP; offline 
acquisition 

SEM 
micrographs 

Segmentation: 
Watershed 
algorithm Grain size 

% α and β 
phase 

Comparison with manual 
methods 

Milling 
Yang 2016 [104] 

Ti6Al4V 
Microstructure 
pristine material & 
machined part 

Edge detection: 
Canny algorithm 

Stress-strain-%β phase 
curve via FEM simulation  

Milling & Turning 
Umamaheswara 
Raju 2017 [100] 

Mild steel 
Machined surface Automated DIP (MATLAB); 

offline acquisition; average 
arithmetic surface 
roughness measured with a 
profilometer 

Machined 
surfaces 
RaM [µm] 

Texture feature extraction using 
threshold true-color RGB 

SVM algorithm to predict 
Ra using texture features 

Turning 
Kamguem 2013 
[103] 

Al 6061 
Machined surface  

Binarization to extract: Gradient factor 
of surface; Average cycle of texture 
[107]; Average grey level 

Correlation equations of 
Ra with the texture 
features; Comparation of 
estimated Ra (image) with 
RaM (profilometer). 

Turning 
Thakre 2019 [108] 

Low alloy steel  
Tool wear  

Automated DIP (MATLAB); 
offline acquisition; flank 
wear was also measured 
manually  

VBM [mm] 
Binarization; Edge 
detection; 
Segmentation 

Wear: width, 
area, perimeter 

Comparison between VB 

(automatic) and VBM 
(manual) 

Turning 
Mikołajczyk 2017, 
2018 [10, 113] 

C45 
Tool wear  

Automated DIP; offline 
acquisition; prediction of 
tool wear and tool life using 
intelligent algorithms  

VBM [mm] 
Tool life [min] 

Pixel brightness to define the damaged area, using an 
unsupervised learning algorithm; Worn area number of pixels was 
used to estimate the VB and compared with the VBM; An artificial 
neural network was used to predict tool life based on VB 

Milling 
Fernández-
Robles et al. 2017 
[13] 

Insert breakability 
Computer vision system, 
automated DIP (MATLAB); 
offline acquisition  

Images of 
cutting edges 

Define a region of interest (and 
mask); edge detection 

Deviations between the 
expected cutting edge 
and the real cutting edge 

Turning  
Hernández 2018 
[46] 

Ti6Al4V 
Chip 
morphology  

Manual DIP using software; 
offline acquisition 

Metal chips 
Height peak/ valley; Shrinkage factor; 
Segment ratio/ width; Chip thickness; 
Shear angle 

Parametric relationships 
between chip descriptors 
and cutting conditions 



  

 

Turning  
Dutta et al. 2015, 
2016 [9, 31] 

AISI 1050 
Tool Wear  
 

Online acquisition surface; 
automated DIP (MATLAB) 
to extract surface features; 
intelligent algorithm to 
predict tool wear  

VBM [mm] 
Machined 
surfaces 

Surface texture 
analysis: GLCM, 
VT, DWT 

descriptors for 
waviness, feed 
marks, 
roughness. 

SVM algorithm to predict 
the VB based on the 
surface descriptors 

Milling 
Zuperl 2015, 2019 
[32, 109] 

16MnCr5 Steel 
Chip volume  

Automated DIP (MATLAB); 
online acquisition;  

Metal chips 
Binarization; 
Segmentation; 
Object detection; 

number of 
chips; largest 
chip size  

Based on chip geometry 
Ra is predicted using 
ANFIS; Feed rate is 
controlled based on 
expected Ra  

Orthogonal 
Cutting 3D 
Harzallah 2017  
[53] 

Ti6Al4V  
Chip morphology  

A high number of chip 
segments were analyzed 
however, the DIP 
methodology was not 
described in detail, but 
seems manual; online 
acquisition;  

Metal chips 

Length/height; 
shear angle; 
frequency of 
segmentation 

The experimental chip formation process 
was compared with a 3D FE orthogonal 
cutting model. 

Micro Milling 
Tuiran 2018 [116] 

Ti-Cp 
Burr formation 
 

Automated DIP; offline 
acquisition; user interface 
in MATLAB 

Machined 
samples 

Binarization 
Burr percentage 
calculation based 
on are in pixel. 

The measured values were compared with 
direct measurements with optical 
microscopy 

Orthogonal 
turning 
Hrechuk 2019 
[114] 

316L stainless 
steel; Inconel 
718; Chip 
morphology 

Automated DIP (MATLAB); 
offline acquisition;  

Metal chips 

Mean chip 
thickness based on 
peak and valley 
analysis;  

Shape factor to measure the material 
deformation. 
Cumulative distribution function for peaks 
and valley was helpful to quantify the 
transition of continuous to segmented chips 
for different feed rates. 

RaM: average arithmetic roughness measured with profilometer; VBM: Tool flank wear when is measured manually; RGB: Red Blue Green; VB: Tool flank 
wear; GLCM: Gray level co-occurrence matrix; VT: Voronoi tessellation; DWT: Discrete wavelet transformation; FEM: Finite Element Method; Ra: average 
arithmetic roughness; SVM: Support Vector Machine;  

 

 



  

 

6 Conclusions and outlook 

Intelligence in machining operations will come from the system knowledge about aspects of the, 

machine center dynamics, workpiece material, the cutting parameters, the chip-tool contact 

conditions, the cutting tools, the cutting environment along with the process response in terms of 

machined part, the generated metal chips, the in-process measurements. If the machining system 

has access to data that allows it to understand its current state and the ideal working condition 

(considering the component, the productivity and sustainability requirements), that system will be 

able to decide regarding the process. 

This will certainly involve the integration of machining information in databases, including models 

that correlate the entrance and response variables relevant for each industrial sector. Additionally, 

computer systems work and communicate though digital data and several promising modelling 

and optimization techniques (including artificial intelligence and machine learning) rely on process 

digital data to be parametrized, which means that future machining research must be focused on 

finding ways of collect (using conventional sensors, smart cutting tools, digital images, machine 

vision systems), convert to digital and quantifying the machining response to be used in modelling 

and optimization of cutting operations.   

The aim of the article was to present an overview of the computational and digital methodologies 

(FEM, AI-Based models, DIP) used by researchers to model and quantify the machining response 

in an alloy that presents specific machining challenges. The scientifical value of the article is, 

above all, in the demonstration that the work presented by field researchers must be observed in 

an integrated way, which means that, future researcher in field must not only generate new 

knowledge but should be also integrated in the global context (smart machining systems). Table 

8 contains examples of research works that culminate in the development of smart cutting 

strategies, with adaptive control of the machining process and smart cutting tools, where the 

methodologies (for process modelling and quantification of machining response) adopted by the 

researchers are highlighted. 



  

 

Table 8. Smart cutting tools and smart machining techniques. 

Operation; Material; 
Author 

Aim & Techniques & Technologies involved 
Contribution for smart 

machining 

Turning  
Stainless Steel 
Huang 2020 [24] 

SCT with optical fiber sensors for cutting force measurement, a dynamometer was used for 

calibration; FEM was used to model and calibrate the sensor in terms of force measurement; 

Comparative cutting experiments were performed with new sensor and dynamometer. 

Real-time and multi-point 
cutting force measurement; Low 
cost. 

Zhao 2018  
[25] 

SCT base on micro-electro-mechanical system strain gauge, for cutting force measurement; 

Sensor characterization: sensitivity and accuracy 
Compact tool; No cutting tests 
were performed. 

Turning  
Al 6082 
Wang 2013  
[26]  

SCT with a piezoelectric film for force measurement, a dynamometer was used for calibration; 

Feed-surface speed-force model to select the constraint variable; AC of feed rate to keep the 

main the cutting force constant; If the current state is not acceptable, the lathe parameters are 

updated with the optimal cutting parameters.    

Compact, self-monitoring tool; 
User interface: current-optimal 
regime, algorithms for 
optimization and actuation; 
Adaptative machining using 
SCT; Lathe with AC; 
Interconnection between 
process and machine. 

Turning  
Steel-Monel Wang 
2014 [27] 

SCT with surface acoustic wave (SAW) strain sensors mounted in two location of the tool shank to 

measure cutting and feed force; Sensor characterization and comparison with dynamometer; AC 

of feed rate to keep the main the cutting force constant during machining of dissimilar materials. 

Turning 
Stainless steel 
Karam 2015 
 [117] 

Multi-sensor assisted machining: cutting force, vibration, and acoustic emission sensor; Signal 

processing (feature extraction and patterns recognition) to build sensorial database; Decision 

making system for tool wear assessment via neural network (input: signal features, output: 

consumed tool life); Network was trained with tool wear measurements obtained with a 

microscope; When maximum tool wear is reached a warning is sent to change the cutting tool. 

Real-time tool condition 
monitoring system; Online 
cutting tool life assessment; 
Pre-failure assessment system; 
Lathe with AC. 

Milling 
Steel  
Zuperl 2015, 2019 
[32, 109] 

Digital image processing to obtain average chip size (CSA) in real-time; Surface roughness was 

predicted using an ANFIS model (input: CSA, radial and axial depth of cut, feed rate, cutting 

speed, output: surface roughness); Network was trained with surface roughness values measured 

with roughness tester; AC to adjust the feed rate to maintain surface roughness. 

Online vision system for chip 
size evaluation; CNC machine 
with feed rate AC.  

Drilling 
CFRP 
Hassan 2018 [34] 
 

Signal processing techniques (acoustic emission signals, force, vibration); Force-wear database; 
Decision making system (online), to adapt the feed rate considering the tool wear; AC to adjust 
feed rate. 

Sensitive to changes in tool 
condition (crack propagation, 
chipping/breakage); Signal 
processing and decision making 
in appropriate time span. 

SCT: smart cutting tool; AC: adaptive control  



  

 

If in the past, many experimental setups have been created exclusively for machining model 

creation, the current and future trend will certainly be use (and develop) techniques and tools to 

collect information from manufacturing systems that work daily and represent the real machining 

scenarios that industries face every day. This step will be crucial to guarantee that the efforts from 

the scientifical and industrial sectors are aligned in the construction of future machining systems.  

It is important to emphasize that the industrial machining sector demands methodologies that can 

be easily implemented for the tasks they execute daily and with direct outputs, such as the tool 

condition state and life, the machined surface integrity, the optimized cutting conditions, and 

others. So, for the future, it is important that researchers continue on working in solutions 

(including machining process models, smart cutting tools), that ultimately led to the prediction and 

control of such variables. 

Through this review, it was possible to recognize that process data concerning Ti6Al4V machining 

can be collected and analyzed with a variety of methodologies (empirical, numerical, analytical, 

statistical, AI-based models) that complement and validate each other (hybrid approach) and 

open the possibility to create machining systems with self-optimization skills.  

The modeling techniques, namely FEM and AI-based are crucial in the context of intelligence in 

machining process as they are intrinsically intelligent techniques that can predict the system 

response in machining processes. Modeling with FEM is especially useful to understand the 

physical phenomena that occur in machining, which is even more valuable when machining 

Ti6Al4V which presents a peculiar behavior when being machined, namely the formation of chips 

with serrated morphology. However, there are a higher number of FEM models that estimate 

fundamental machining variables than outputs with industrial interest. Either way, the data from 

these simulations are often used to enter data in other types of models such as analytical or even 

to validate new analytical models. For example, variables calculated with FEM (strain, cutting 

forces) have been used to validate chip formation models in orthogonal cutting [81], the state 

variables at the tool face calculated with FEM have been used to determine the constants at tool 

wear models [85]. This tendency to use hybrid numerical- empirical and numerical-analytical 

models can be useful to reduce the computational time and create more complex models able to 

calculate machining responses with higher industrial interest. Most AI-based models describe in 



  

 

this review were able to predict response variables with industrial interest, such as surface 

roughness and tool wear.  

DIP proved to be a technique that integrated into machine vision systems can be able to monitor 

in-process machining operations in terms of tool condition and surface quality. This approach is 

often associated with AI algorithms capable to predict machining outputs based in digital image 

features. 

 It seems that the development of intelligent machining solutions should depend on hybrid models 

that integrate different approaches to take advantage of the benefits presented by every single 

technique. The processing by machining of difficult to cut material is one of the areas where the 

hybrid approach can bring greater socio-economic benefit. 
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