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and Tresca’s Parameters
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of AISI-304 Machining
Processes
This paper presents a procedure for the identification of Johnson Cook model parameters
and Tresca’s law friction factor for orthogonal cutting of AISI 304. The process is
described by a thermomechanical numerical model. The parameters are identified by
minimizing the error in the prediction of cutting force, chip thickness, and chip curvature.
Two optimization algorithms where tested: a pure Nelder–Mead method (NMM), and a
hybrid procedure, in which the starting simplex for NMM is calculated by means of a
genetic algorithm. The results emphasize the importance of the initial guess chosen in the
optimization to obtain a reliable set of parameters. By using the optimized parameters in
the numerical model, the cutting force, the chip thickness, and the chip curvature can be
evaluated with an acceptable accuracy. The identified rheological and tribological coeffi-
cients are validated for different orthogonal cutting conditions. [DOI: 10.1115/1.4025340]

1 Introduction

Machining processes are of fundamental importance in several
fields of mechanical engineering. Different approaches tried to
describe the mechanism underlaying the machining processes and
to predict the process quality: empirical [1,2], theoretical [3], and
numerical [4–6]. The latter approach is of greater interest for tool
manufacturers and the mechanical industry, since it can provide
the largest amount of information about the process.

It is well known that the reliability of numerical solutions depends
not only on the model setup, but also on the thermomechanical, tri-
bological, and rheological laws used to describe the behavior of the
workpiece and its interaction with the cutting tool. This paper
presents an optimization-based procedure for the simultaneous iden-
tification of the parameters used in Johnson– Cook’s (JC) rheologi-
cal model and in Tresca’s tribological law. Traditionally, these
parameters are identified through two different approaches:

(a) direct: dedicated experimental tests designed to provide a
direct measure of rheological or tribological model
parameters;

(b) indirect: identification by means of inverse analysis, which
combines experimental and numerical techniques.

In both cases, rheological and tribological parameters are usu-
ally separately assessed.

Among the indirect methods, several authors developed hybrid
empirical–numerical approaches based on the Split-Hopkinson
pressure bar test [7,8] and on other types of tests [9]. These proce-
dures involve static, quasi-static, and dynamic tests, and can be
useful for processes characterized by strain rates up to 300 s�1 and
more [10,11], even at high temperature. As stated by Chandrase-
karan et al. [12], due to the extreme strains and strain rates charac-
terizing the cutting process, the pressure bar test cannot be used in
the parameter identification of the material model for machining
processes. By means of a numerical model of orthogonal cutting,

the indirect method was also applied by Shrot and B€aker [13,14]
to the identification of yield strength, hardening modulus, and
hardening coefficient of the Johnson–Cook model. B€aker and
Shrot [15] proposed a methodology to reduce the number of FEM
simulations required to solve the identification problem, by defin-
ing knowledge-based descriptors that were approximately propor-
tional to observable quantities. However, the definition of these
descriptors appears to be problem-dependent and it generally
requires a physical understanding of the problem, so it is not eas-
ily portable to different problems or processes.

Reliable JC parameters for AISI 304 are still lacking in the lit-
erature: indeed, it is possible to find references to significantly dif-
ferent sets of coefficients for a given material [16,17]. In a
previous study [18], by comparing the poor accuracy of the results
obtained by modeling the orthogonal tube cutting (OTC) process
of AISI-304 with the different sets of JC parameters available in
the literature, the Authors demonstrated the need for a procedure
allowing robust parameters identification. The Authors developed
an automated procedure for multi-objective optimization through
a simplified version of the Nelder–Mead method applied to or-
thogonal cutting process simulated by using the FEA commercial
software DEFORM. The results of that work showed that, although
the cutting force can be correctly estimated, the predicted chip
morphology does not match well with that of real chips. More-
over, it was observed that the target function was characterized by
multiple minima, and therefore a more robust optimization algo-
rithm had to be used.

This paper represents a step forward in this direction: here is
investigated the feasibility of indirect, simultaneous identification
of rheological and tribological parameters by using the NMM, the
genetic algorithms method (GAM), and a hybrid method (HM)
exploiting strengths of both NMM and GAM. The main character-
istics of the first two approaches are outlined, and the need for
applying an hybrid procedure is explained and commented. The
HM has been applied successfully by several authors [19–21] to
speed up the minimization of multimodal functions.

The reference machining test adopted hereafter for the parame-
ters identification is the OTC test, carried out on relatively thin-
walled tubes made of AISI-304 steel. The objective function is
related to the model accuracy, which is assessed by calculating
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the relative error in the estimation of cutting force, chip thickness,
and chip curvature. The input parameters of the optimization
problem are the five coefficients of the JC model, plus the friction
factor of the Tresca’s law.

The paper is organized in four main sections, plus the final Con-
clusions section. Section 2 describes the experimental setup, i.e.,
the orthogonal cutting experiment that carried out for providing
the values of observable quantities, on which the forthcoming
identification is based. Section 3 illustrates the finite element
model that has been developed for simulating a 2D approximation
of the same orthogonal cutting experiment. Physical experiment
results and numerical model are then used in conjunction for iden-
tifying the model parameters: the FE model is solved with differ-
ent sets of parameters until the simulation results match the
experimental results. Section 4 describes the optimization algo-
rithms that have been adopted and implemented for adapting the
FE model parameters by minimizing the difference between
observable quantities obtained from model and from experiment.
Finally, results of the proposed methodology are discussed in
Sec. 5.

2 Experimental Setup

The OTC is a machining process, in which the cutting speed
and feed rate vectors are perpendicular. In this study, such a con-
figuration has been set up on a lathe, spinning the tube and feeding
the tool along the tube axis (Fig. 1, left). The material chosen for
the tube was the AISI-304 steel since it is a well-known material
and there is a vast literature describing its properties. The external
diameter of the tube was 50 mm, and its wall was 1 mm thick. The
cutting tool was a TiN-coated HSS insert produced by Alesa AG
(ISO code APFT 16 04 04 FR) whose rake angle was 18 6 2 deg,
and the inclination angle was zero. The cutting speed and feed
rate were set to 26.77 m/min and 0.09 mm/rev, respectively,
according to the data sheet given by the tool manufacturer.

The process performance was evaluated by measuring the cut-
ting force, tool-chip contact length, chip thickness, and chip cur-
vature. These outputs are indeed the most relevant for tool
manufacturers and process planners since they are strictly related
to the dynamics of the process, thus determining its quality. A
Kistler multicomponent dynamometer mod. 9257B was placed
below the toolholder to measure the cutting force.

Two different series of OTC tests were performed: a continuous
tube turning for assessing the cutting forces, the tool–chip contact
length, and the chip thickness; an interrupted, short-cut turning
for producing a short chip suitable for measuring its curvature
(Table 1).

In the first case, a continuous turning operation was performed
starting with a new tool for a total cutting time of 2 min. In this
way, it was obtained an evident wear on the tool rake face but
before a getting an excessive modification of tool geometry. The
cutting force was measured as an average value on the attainment
of the steady state condition after the first contact of tool with the
workpiece. Seven different chip segments were then observed on
an environmental scanning electron microscope (ESEM) in order

to measure the average chip thickness, and the same ESEM micro-
scope was also used to measure the chip–tool contact length. On
the tool rake face it was possible to observe a bright area, along
which the backscattered electrons microanalysis allowed to fur-
ther identify an area close to the cutting edge made by the same
cutting tool material, followed by another area made by a layer of
AISI-304 deposited during the cut (see Fig. 1, right). The former
was assumed to be related to the constant contact zone, while the
outer AISI-304 coated area was assumed to be the result of the
intermittent contact between chip and tool due to chip vibrations.
Consequently, only the width of former area was measured in
order to determine the length of the contact zone.

In the second case, an interrupted cutting operation was per-
formed in order to obtain a single chip of a length comparable to
that obtained by the numerical model, as described in Sec. 3. The
chip curvature was measured by means of an optical microscope
in the chip zone immediately after the thickening due to the sud-
den tool stop, which is clearly visible in the bottom right image of
Fig. 7.

The results of the measurements above described are reported
in Table 1.

3 Numerical Model

The numerical model was implemented in the commercial FEA
software DEFORM 2D v.10.2. This software allows the definition
and solution of nonlinear thermomechanical problems, such as
bulk deformations processes and cutting processes. In order to
keep the solution time within feasible limits, it was possible to
reduce the dimensionality of the OTC model by assuming a plane
strain condition. This is justified by the reduced nominal feed rate
(0.09 mm/rev) compared to the tube thickness (1 mm).

The rheology of the workpiece is described by the semi-
empirical JC model, which is one the most complete models cur-
rently used in cutting simulation literature and is available within
the DEFORM software. The JC model is formulated by the following
equation [22]:

rðT; e; _eÞ ¼ Aþ Benð Þ 1þ Cln
_e
_e0

� �� �
1� T � Tr

Tm � Tr

� �m� �
(1)

where A is the yield strength, B the hardening modulus, C the
strain-rate sensitivity, n the hardening coefficient, m the thermal
softening coefficient, e the plastic strain, _e the strain rate,
_e0 ¼ 1:0 s�1 the effective plastic strain-rate of the quasi-static test

Fig. 1 The experimental setup used in the OTC test (left); SEM image of the tool rake with the worn area and the AISI-304 stick-
ing zone (middle) and a particular of the tool rake face with measurements of the worn area (right)

Table 1 Experimental measures on OTC tests

Measure Value Std. dev.

Cutting force (N) 182 8
Contact length (lm) 250 4
Chip thickness (mm) 105 8
Chip curvature (1/mm) 1.51 0.01
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used to determine the yield and hardening parameters
[7,16,17,23], T is the workpiece temperature, Tm ¼ 1454 �C the
melting temperature, and Tr ¼ 20 �C the room temperature. The
first five terms (i.e., A, B, C, n, and m) are the unknown parame-
ters to be identified, while e, _e, and T are FE solution parameters.

Regarding the simulation of the chip/tool friction, several tribo-
logical models have been proposed in literature [24,25]. Given the
high normal pressure produced by the chip on the tool rake face,
the FE software has been set up adopting the Tresca’s law for
describing the tool–chip interaction. According to this model, the
friction force saturates when the normal force on the tool rake
face exceeds a fraction of the maximum admissible tangential
stress

s ¼ g sY ¼ gA=
ffiffiffi
3
p

(2)

where s is the tangential friction stress (a FE solution parameter),
sY the yield shear stress (assumed as A=

ffiffiffi
3
p

according to Von
Mises), and g the friction factor (to be identified).

Figure 2 shows the mesh and the boundary conditions of the 2D
FE model. The tool was modeled as a rigid material, and the
workpiece as a plastic material, avoiding the elastic behavior since
the residual stresses were not considered among the observables
outputs. Mechanical and thermodynamical constraints were
imposed on the workpiece. Null horizontal and vertical velocities
were assumed on the bottom and the left edges. The latter was set
at room temperature (20 �C), while the remaining sides exchanged
heat with the environment and with the tool. The convection coef-
ficient was set to 10 W/m2K, while the heat transfer coefficient
between the workpiece and the tool was set to 3000 W/m2 K [18].
The process parameters were chosen accordingly to those used in
the experimental test: depth of cut of 0.098 mm, cutting speed of
26.77 m/min, tool rake angle of 18 deg.

The time step was set to 5 ls and the cutting length was 5 mm
to ensure the achievement of the steady state cutting condition.
An adaptive mesh with quadrangular quadratic elements was used
for tool workpiece, setting a maximum edge length of 6 lm) only
in the area close to the cutting edge, thus reducing the simulation
time.

4 Optimization Algorithms

The parameters identification problem is addressed as a multi-
objective optimization problem, in which the input values are the
set of JC parameters plus the friction factor of the Tresca’s law.
The target function FtargetðXÞ can be expressed as the weighted
sum of the relative errors between the measured outputs and the
calculated ones

FtargetðXÞ ¼
X4

i¼1

wi
Ymi � Ycij j

Ymi
þ pðXÞ (3)

pðXÞ ¼
X6

j¼1

maxð0;Xj � Xmax;jÞ2 (4)

where Ym and Yc are the vectors of four elements containing,
respectively, the measured outputs and the calculated ones, w is
the set of weights, and X and Xmax are the vector of six elements
representing the optimized parameters and their maximum values
(see Tables 2–8), respectively. The term p(X), finally, represents
the constraints imposed on parameters in the form of penalties.

Since it is not possible to evaluate analytically the derivatives
of the target function, two nonderivative algorithms were used for
the optimization: the NMM, and a GAM. NMM is initialized in a
small region of the target function; thus, it tends to reach a mini-
mum in relatively few iterations, while its convergence is less ro-
bust and more prone to find local minima instead of the global
ones. Conversely, the main advantage of evolutionary algorithms
is related to their ability to find the global minimum even when aFig. 2 The OTC test model implemented in DEFORM 2D

Table 2 Extremes of the domain of the JC and Tresca’s coeffi-
cients for the first population

Parameter A B C N m g

Maximum 1000 1500 1 1 1 1
Minimum 10 50 0.01 0.01 0.01 0.01

Table 3 Starting simplex for the identification with randomly
initialized NMM (r-NMM)

Ftarget A B C n m g

4.070 123.0 232.0 0.61 0.83 0.09 0.24
5.653 177.0 98.0 0.50 0.89 0.93 0.70
5.977 34.0 142.0 0.39 0.52 0.37 0.58
3.874 130.0 292.0 0.13 0.59 0.99 0.88
7.001 250.0 193.0 0.97 0.48 0.80 0.88
4.396 80.0 197.0 0.99 0.76 0.63 0.45
5.139 173.0 281.0 0.03 0.71 0.23 0.28

Table 4 Starting simplex for the identification with precondi-
tioned NMM (p-NMM)

Ftarget A B C n m g References

7.266 350.0 275.0 0.02 0.36 1.00 0.60 [16]
7.713 310.0 1000.0 0.07 0.65 1.00 0.50 [17]
8.063 1000.0 1500.0 0.01 0.36 1.00 0.90 R
8.000 239.0 522.0 0.10 0.65 1.00 0.70 [40]
7.547 128.9 84.9 0.02 0.97 0.46 0.40 D
6.306 982.0 513.0 0.23 0.20 0.93 0.97 R
5000.0 65.0 1067.0 0.26 0.46 0.41 0.74 R

Note: D¼ default values suggested by Deform and R¼ random value

Table 5 Starting simplex for the identification with hybrid
GAM-preconditioned NMM (HM)

Ftarget A B C n m g

2.564 290.8 641.5 0.40 0.51 0.54 0.42
2.243 327.2 734.6 0.40 0.51 0.54 0.42
2.782 426.4 837.6 0.88 0.45 0.33 0.52
4.356 959.8 984.8 0.61 0.80 0.54 0.57
3.117 290.8 641.5 0.40 0.51 0.54 0.54
2.385 290.8 641.5 0.40 0.53 0.33 0.52
4.332 426.4 837.6 0.88 0.43 0.54 0.42
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multiplicity of local minima is present. This is due to the stochas-
ticity underlying the GAM, which allows them to explore differ-
ent and distant regions of the domain, thus increasing the chances
to find the global minimum. The characteristics of the NMM and
GAM approaches will be discussed in Secs. 4.1 and 4.2.

4.1 Nelder–Mead Method. The Nelder–Mead method is a
well-known method that can handle nonlinear and nondifferentia-
ble functions [26]. It has been used in a wide spectrum of chal-
lenging problems: parameters identification [18,27], mechanical
design [28], manufacturing processes optimization [29], microfab-
rications [30], nuclear energy production [31].

The NMM used in this work is based on a simplex on the six-
dimensional response surface and implements the full set of sim-
plex operations (i.e., reflection, expansion, contraction, and
shrink).

The convergence criterium is based on the simplex norm f,
defined as:

f ¼ 1

N

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXN�1

i¼1

XN

j¼iþ1

FtargetðXiÞ � FtargetðXjÞ
� �2

vuut (5)

where N is the dimension of the simplex, and Xi and Xj are the ith
and jth vertices of the simplex. It is assumed that the optimization
converged if when f < 10�6. Due to the nature of this method,
when optimizing multimodal functions, the optimal point found
by the algorithm depends on the simplex chosen at the initializa-
tion. This aspect is emphasized in this study where NMM will be
initialized in three different ways: randomly, preconditioned
accordingly to the solutions founds in literature, and from a near-
optimal simplex calculated by a genetic algorithm.

4.2 Genetic Algorithm. Genetic algorithms are heuristic
methods used to emulate the natural selection, evolving the

optimal solution across a wide region of the target function do-
main. Each set of input variables, called chromosome, is typically
encoded into a binary string. These strings are collected to form a
population. The populations are then evolved during the itera-
tions, keeping the chromosomes with a lower fitness (i.e., that
have more chances to survive), and discarding or modifying those
with the higher fitness. In optimization problems the fitness is the
target function.

Despite the usually high computational cost of numerical mod-
els, GAM has become extremely popular in recent years, thanks
to the improved computers performances. Some authors used
GAM for solving inverse analysis problems for parameter identifi-
cation [32–35], other for building empirical models [36] or for
performing a multi-objective optimization of cutting parameters
[37].

In this study, the main task of the GAM is to find the more
promising subdomain where to start the minimum search with a
subsequent application of NMM. Consequently, the size of the
GAM population has been chosen by considering that the number
of chromosomes (i.e., different combinations of the six parameters
to be identified) must be larger than a six-dimensional simplex
(i.e., seven points in a 6D hyperspace). At the same time, given
the high computational cost of calculating the fitness function for
each chromosome, the actual number of chromosomes has been
set to 20.

The architecture of the genetic algorithm implemented in this
study is schematized in Fig. 3. The chromosomes in the first popu-
lation are generated randomly within the limits reported in Table
2, which correspond to the wider domain still physically meaning-
ful. The whole parent population is then evaluated, the individuals
are sorted in ascending order according to their fitness, and
encoded in to binary strings. This operation is performed by using
a four-byte number for each element of the individual. The first
bit is used to represent the sign (1 for negative numbers), 15 bits
are used to represent the integer part, and 2 bytes are used for the
decimal part. Four bytes for each one of the six parameters are
then concatenated to form a 24 bytes binary, the chromosome.
The first three individuals of the rank are moved into a new

Fig. 3 Architecture of the identification procedure

Table 6 Calculated performances of the identifications

Output Measure p-NMM r-NMM HM

Iterations – 38 52 115
Ftarget – 1.158 2.168 0.865
Cutting force (N) 182.0 195.8 182.1 171.0
(Error %) (7.6) (0.0) (6.0)
Chip thickness (mm) 0.105 0.148 0.245 0.125
(Error %) (40.8) (133.4) (19.1)
Chip curvature (1/mm) 1.51 1.331 0.491 1.415
(Error %) (11.8) (67.5) (6.3)
Chip contact length (mm) 0.25 0.149 0.210 0.143
(Error %) (40.4) (15.8) (42.9)

Table 7 Optimized rheological and tribological coefficients

Optimizer A B C n m g

r-NMM 118.2 255.3 0.61 0.59 0.47 0.47
p-NMM 530.4 670.7 0.22 0.16 0.51 0.82
HM 634.4 666.1 0.59 0.37 0.17 0.59

Table 8 Simulation of test cases in Ref. [41]

Cutting speed rake angle feed Cutting force
(m/min) (deg) (mm/rev) (N)

100 �8 0.1 1174 (1088)
200 �8 0.2 1841 (1888)
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children population. A selection is then performed to complete
the children. In this operation ten couples of chromosomes are
randomly extracted from the parent and the best individual in
each pair is moved to the children population. The remaining
seven chromosomes that are needed to fill the population are cre-
ated by means of two operations: cross-over and mutation. The
former is performed with a probability pc ¼ 0:8 and generates two
new individuals by exchanging part of the binary string of two
randomly chosen chromosomes. In the mutation the value of a
random bit in a noncrossed-over chromosome is inverted with a
probability pm ¼ 0:2. As can be noted, the method has a strong
stochastic component that guarantees variability across the popu-
lation, therefore a large exploration area of the objective function.
The values of pc and pm have high effect in the performance of
GAM and must be carefully set. These were identified through a
manual simplex method, and by using different test functions
available in literature [38,39].

The GAM procedure ends if the difference between the fitness
of the two best chromosomes is less than 0.1, and the best seven
chromosomes are used as a starting point for the subsequent
NMM application. Otherwise, the evolutionary process restarts
from the selection.

4.3 Optimization Procedure. The identification procedure
and the optimization algorithms were implemented in the Ruby
programming language. A custom interface with DEFORM 2D has
been developed, in order to enable the automated use of the FEA
software by the optimization procedure, for the evaluation of the
GAM fitness function and of the NMM target function.

Figure 3 summarizes the architecture of the identification pro-
cedure. Each optimization step generates a DEFORM 2D input file
with the rheological and tribological parameters, which is used to
create and solve the FEA model of the OTC. If the simulation
does not converge, the target function is set to a high value, and
the optimizer script proceeds to the next iteration. Conversely, if
the convergence is reached, the optimizer script analyzes the
model calculating the average cutting force achieved at the steady
state conditions, the tool–chip contact length, the chip thickness,
and its curvature.

The chip geometry and the tool–chip contact length are calcu-
lated by analyzing the model configuration (i.e., the nodal posi-
tions) at the final simulation step. In Fig. 4, the tool is fed from
right to left. The green cross marks represent the chip nodes,
which are denser around the cutting edge due to remeshing crite-
rium set in the FE software. The black asterisks are the nodes at
the tool–chip interface, and are used to calculate the tool–chip
contact length, evaluated as the sum of the distances between
nearest neighbors nodes.

To calculate the chip thickness and its curvature, it is necessary
to localize the nodes on its internal and external edges. This oper-
ation has to be robust since it must handle both odd-shaped and
highly curved chips as well. Therefore, first of all the nodes lying
below the upper unmachined workpiece surface are discarded
(notice the missing nodes in the bottom and upper part of the chip,
areas A and B, respectively, in Fig. 4). Then, a rough estimate of
chip thickness is calculated as the minimum distance between
each node on the internal chip surface and each node on the exter-
nal one. Note that this estimate can be affected by local noise
(also related to the mesh size), so a second step is performed in
order to have a more robust estimate. In this second step, a subset
of the surface nodes is selected, so that their distance from the cut-
ting edge is less than 4 times the previously estimated chip thick-
ness. The two sets of surface nodes (internal and external) are
then interpolated with two circular arcs, whose difference in ra-
dius gives the chip thickness. The inverse of the average radius
between the two circles is assumed as the chip curvature.

Once the four outputs have been calculated, the target function
is evaluated by Eq. (3), using the set of weights w1 ¼ 3 (cutting
force component) and w2…4 ¼ 1. A higher weight is associated to

the cutting force since it represents the most important observable
that influences the process dynamics, as a preliminary sensitivity
analysis performed on the FEM model pointed out. If the conver-
gence criterium for the GAM is satisfied, an optimal simplex is
built—taking the best seven chromosomes in the last population—
and the identification proceeds with the NMM, until the simplex
norm as defined in Eq. (5) becomes less than 10�6.

5 Results

According to the considerations above expressed, the identifica-
tion of the JC and Tresca’s parameters has been performed by fol-
lowing three different approaches for initializing the simplex. The
first is based on a completely random simplex initialization
(r-NMM, obtained through a uniform sampling of coefficients
within the domain reported in Table 2). The results of this simplex
generation are reported in Table 3.

In the second approach, referred to as p-NMM, the simplex was
partially initialized with the default values suggested by DEFORM,
three sets of coefficients available in the literature [17,16,40], and
the remaining three vertices were generated randomly. The results
are reported in Table 4. Note that for the last combination in Table
4, the FE solution was not converging, so an arbitrarily high value
Ftarget ¼ 5000:0 was manually set in order to penalize that
configuration.

In the last case, the identification was performed through the
above described HM approach, in which the NMM was initialized
with a suboptimal simplex calculated by the GAM. In turn, the
GAM converged to the threshold as described in Sec. 4.2 after
five generations of 20 chromosomes. The results are reported in
Table 5. By comparing the values of the target function in the
three initial guesses, it can be noted that the HM is the method
that gives the best starting simplex.

The results obtained by the three identification approaches are
summarized in Table 6. The best minima is calculated by the HM
after 115 simulations (including 5 GAM iterations of 20 simula-
tions each, plus 15 NMM iterations), by virtue of the suboptimal
starting simplex configuration that was previously calculated
through the GAM. The good performance of the HM is
further emphasized by the relatively quick evolution of the
best simplex vertex during the optimization, as shown in Fig. 5.

Fig. 4 Analysis performed on the chip nodes at the end of the
simulation. The tool moves from right to left
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Moreover—even though a random initialization could lead to a
simplex with smaller value of Ftarget than that obtainable by the
preconditioned initialization—the physical relevance of the rheo-
logical and tribological coefficients and the NMM convergence
are not guaranteed. Furthermore, the r-NMM requires 52 itera-
tions to converge, while the p-NMM converges after 38 iterations.

The cutting force is the most important observable of the cut-
ting process. It ramps up to the steady state condition after a short
transient lasting 0.001 s, as shown in Fig. 6. All the identifications
can correctly predict the cutting force, as result of the higher
weight that has been assigned to it in the target function, accord-
ing to Eq. (3). With respect to the best set of coefficients calcu-
lated by the HM, it is possible to conclude that the results on the
chip thickness and chip curvature are also satisfactory, as con-
firmed by Fig. 7 reporting the comparison between real and calcu-
lated chip shapes.

The tool–chip contact length is the only process output that is
not correctly predicted by the FEA simulation, even when consid-
ering the set of process parameters with the lowest value of Ftarget.
This fact could not only depend on the inaccuracies associated to
the rheological and tribological coefficients, but also on the exper-
imental criteria chosen to estimate the tool–chip contact area. In
fact, a relatively high uncertainty is associated to this measure-
ment, especially due to the often subjective analysis and interpre-
tation of the wear patterns and features characterizing the tool
rake face.

The sets of rheological and tribological coefficients identified
by the three methods are summarized in Table 7. One can observe
that the sets of coefficients calculated by the HM and by the p-
NMM differ slightly, especially as regards g. Moreover, the set of
coefficients identified by the r-NMM identification is physically
meaningless, since the values of yield strength, A, and hardening
modulus, B, are too small to be associated with the stainless steel
AISI-304 modeled in the simulations.

At this point, an important observation has to be made. The
inverse analysis here presented aims at identifying six parameters
through four observables obtained from a single experimental
condition. Strictly speaking, the optimization procedure is thus ill-
conditioned. As such, the uniqueness of the solution cannot be
granted, unless more than one experimental set of parameters is
considered. Nevertheless, by perturbing the six parameters within
the NM scheme about the solution obtained by HM it was possible
to observe that the optimized set is a local stationary point (i.e.,
variation of parameters along any arbitrary direction on the
response surface produces a worse fit). Additionally, the same set
of optimal parameters obtained from HM has been used to simu-
late the different operating conditions for orthogonal cutting
reported in D’Urso and Attanasio [41], obtaining very similar val-
ues for cutting force from model as from real experiments (see Ta-
ble 8, real values in parentheses).

Such a dichotomy can be explained by considering that the four
observables are not local evaluations of Eqs. (1) and (2), but rather
macroscopic observations of a collective effect produced by the
stress–strain field, whose intrinsic multiplicity helps reducing the
ill-conditioning. Additionally, the model under identification is
actually based on an empirical model. Indeed, there is no guaran-
tee that the JC model will provide the accurate description of the
material behavior over the whole domain. So, even if the identifi-
cation had been performed covering more than one experimental
condition, there would be no guarantee for the identified set of pa-
rameters to provide a better fit around a single configuration.

In other words, the procedure here presented (specifically, the
HM-based variant) represents the identification of a complex
numerical–empirical model, embodied by the FE software system.
Identification of such a system is much like training of a neural
network: if one is not interested on the physical significance of the
weights of the neurons, the network is reliable until it is applied
on a domain, which has to be close enough to the training domain.
Likewise, the parameters identified in Sec. 4 can be effectively

Fig. 5 Convergence plot

Fig. 6 Measured and calculated cutting force

Fig. 7 Calculated and measured chips
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used to simulate process condition close enough to the one used
for identification, as demonstrated by Table 8. Trying to expand
the domain, over which the results obtained by the model remain
accurate, by increasing the number of experimental test cases,
could as well bring to unexpected or less accurate results, since
there is no guarantee that the empirical black-box represented by
the FE software based on the JC and Tresca models can actually
fit the reality over a larger domain. Within these assumptions, the
proposed methodology is robust according to the initial aims, in
the sense that it is less sensitive to local minima and to the initial
choice of parameters for the inverse analysis, thus providing more
reliable and repeatable results.

6 Conclusions

This paper presents a numerical model of the orthogonal tube
cutting test, and a procedure for the identification by simultaneous
inverse analysis of rheological and tribological model parameters.
The inverse analysis was based on an experimental setup for or-
thogonal tube cutting, allowing the measurement of the cutting
force (on-line), the chip thickness, the chip curvature, and the
tool–chip contact length (off-line). The numerical model was
developed in DEFORM 2D, and the identification was treated as an
optimization problem, addressed by means of three custom imple-
mentations of nonderivative minimization algorithms. The coeffi-
cients of the Johnson Cook constitutive model and the friction
factor of the Tresca’s law were identified simultaneously. The
best set of model coefficients was calculated by a hybrid Genetic
algorithms-Nelder Mead method, while the worst set of coeffi-
cients was calculated by the randomly initializing NMM. The cut-
ting force, chip thickness, and chip curvature resulting from the
FEA simulation with the optimal set of coefficients identified by
HM resulted to be acceptably close to those measured on the
experimental setup.

The results emphasize the importance of a good starting guess
for the NMM when it is used for the parameters identification.
The proposed hybrid formulation can represent an effective and
viable solution for inverse analysis of cutting processes, especially
when there is only limited knowledge about the material and fric-
tion models. Finally, although a single set of experimental condi-
tions has been used for model identification, the identified FE
model has been used for simulating similar cutting experiments
available in literature, and the cutting force calculated by the
model proved to be reasonably close to the actual force values
reported in the same literature reference.
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