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Abstract
Johnson-Cook constitutive model is a commonly used material model for machining simulations. The model includes five 
parameters that capture the initial yield stress, strain-hardening, strain-rate hardening, and thermal softening behavior of the 
material. These parameters are difficult to determine using experiments since the conditions observed during machining (such 
as high strain-rates of the order of 105/sec - 106/sec) are challenging to recreate in the laboratory. To address this problem, 
several researchers have recently proposed inverse approaches where a combination of experiments and analytical models 
are used to predict the Johnson-Cook parameters. The errors between the measured cutting forces, chip thicknesses and 
temperatures and those predicted by analytical models are minimized and the parameters are determined. In this work, it is 
shown that only two of the five Johnson-Cook parameters can be determined uniquely using inverse approaches. Two different 
algorithms, namely, Adaptive Memory Programming for Global Optimization (AMPGO) and Particle Swarm Optimization 
(PSO), are used for this purpose. The extended Oxley’s model is used as the analytical tool for optimization. For determining 
a parameter’s value, a large range for each parameter is provided as an input to the algorithms. The algorithms converge to 
several different sets of values for the five Johnson-Cook parameters when all the five parameters are considered as unknown 
in the optimization algorithm. All of these sets, however, yield the same chip shape and cutting forces in FEM simulations. 
Further analyses show that only the strain-rate and thermal softening parameters can be determined uniquely and the three 
parameters present in the strain-hardening term of the Johnson-Cook model cannot be determined uniquely using the inverse 
method. A combined experimental and numerical approach is proposed to eliminate this determine all parameters uniquely.

Keywords Johnson-Cook constitutive model · Extended oxley model · Adaptive memory programming for global 
Optimization · Particle swarm optimization · Orthogonal machining · Finite element analysis

1 Introduction

Modeling and simulation are important tools for understand-
ing and optimizing machining processes. Analytical models 
such as the Oxley machining model [1] and finite element 
simulations [2–6] are used by researchers for this purpose. 

Both approaches require a constitutive model for describ-
ing the material behavior at the extreme thermomechanical 
conditions present during machining. The most commonly 
used material model in machining is the Johnson-Cook con-
stitutive model [7].

Using five material-dependent parameters, the Johnson-
Cook model relates flow stress with strain, strain-rate and 
temperature of the material. Experimentally, these param-
eters are obtained by fitting the data of the quasi-static 
tests at various temperatures and dynamic tests at differ-
ent strain-rates. Tensile tests and Split-Hopkinson Pressure 
Bar (SHPB) tests are two of the techniques typically used 
for this purpose [8]. However, the extreme conditions of 
machining [9] such as strain-rates of the order 105 /s to 106 /s 
and high temperatures are challenging to achieve in these 
experiments. To overcome this difficulty, various researchers 
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have proposed inverse approaches to determine these param-
eters using the data from the actual machining experiments. 
However, these methods have been shown to have the draw-
back of producing non-unique solutions to the Johnson-Cook 
parameter values [10–12].

Machining conditions, experimental observations and 
simulation results (using finite element analyses or analytical 
models) are the input to the inverse methods. The simulation 
results depend on the material model parameters. The goal is 
to determine these material model parameters by minimizing 
the objective function consisting of the difference between 
experimental observations and simulation results. This mini-
mization is achieved by tuning the parameters of the material 
model using an optimization algorithms. The determined 
material model parameter set is used in the computational 
or analytical models and validated with experimental results. 
Although experiments such as uniaxial, isothermal compres-
sion testing of cylindrical specimens [13], laser peening 
[14], and cold wire drawing [15] have been used for valida-
tion purposes, the most widely used experimental technique 
is based on orthogonal machining.

In this work, the source of non-unique solutions to the 
inverse problem is identified and a robust approach to deter-
mine a unique set of Johnson-Cook parameters is presented. 
This approach uses the results of orthogonal machining 
and extended Oxley’s model as the analytical model. Two 
separate optimization algorithms, Adaptive Memory Pro-
gramming for Global Optimization (AMPGO) and Particle 
Swarm Optimization (PSO), are used to minimize the objec-
tive function. The consideration of two separate algorithms 
eliminates any bias that may be present in one particular 
method. Additionally, this approach replaces the complex 
Split-Hopkinson Pressure Bar tests by relatively simple 
orthogonal machining experiments.

2  Literature review

During machining, the workpiece material undergoes plastic 
deformation. The plastic behavior of the material is modeled 
using the Johnson-Cook material model:

Here, �eq is flow stress, �p is the equivalent plastic strain, 
�̇�p is the plastic strain-rate, �̇�0 is a reference strain-rate, Tm is 
the melting temperature, and T0 is a reference temperature. 
A, B, C, n and m are the material-dependant parameters. A 
denotes the initial yield strength, B and n describe the strain 
hardening, C captures the strain-rate sensitivity and m the 
thermal sensitivity of the material.

(1)

𝜎eq =

(
A + B𝜀n

p

)[
1 + C ln

(
𝜀p

�̇�0

)][
1 −

(
T − T0

Tm − T0

)m]
.

The majority of the existing studies that use the inverse 
approach for determining the Johnson-Cook parameters can 
be divided into three categories. In the first category, all five 
parameters of the Johnson-Cook model are taken as optimiz-
ing parameters and through optimization algorithms, deter-
mination of unique parameter set is claimed. Agmell et al. 
[16] and Ning et al. [17] performed inverse analysis using 
a Kalman filter and machining experiments. The relation-
ship between the Johnson-Cook parameters and machining 
output parameters was developed through multiple FEM 
simulations. Five discrete values within a range of ± 30 
% of each Johnson-Cook parameter of reference material 
were used for these simulations. A close agreement between 
the simulated FEM results and experimental observations 
was observed using the parameter set obtained through the 
inverse approach. Ozel et al. [18] used different variations of 
the PSO method, namely, PSO, PSO-c and CPSO method, 
to determine the Johnson-Cook parameters. A unique set of 
parameters were obtained for each method, but the values 
differ for each method. The parameter set obtained using 
CPSO showed the best correlation with the experimental 
results. Eisseler et al. [19] used design of experiments for 
inverse parameter identification by comparing the cutting 
force of FEM simulations with 50 Johnson-Cook parameter 
sets and machining experiments. Two sets of all the five 
Johnson-Cook parameters were determined for steel SAE-
4142 within a maximum difference of less than 3 %.

The second category recognizes the non-uniqueness of 
the parameters obtained by the inverse approach and pro-
poses some suggestions to counter this non-uniqueness. 
Denkena et al. [10] used Oxley’s machining model and Par-
ticle Swarm Optimization (PSO) method using the cutting 
and thrust forces in an orthogonal slot milling experiment 
to tune the Johnson-Cook parameters. The optimization 
was performed without using tensile test data (i.e., all five 
parameters varied) and with the use of tensile test data (i.e., 
A, B and n values were obtained from tensile test data and 
C and n optimized using PSO method). Wide variation was 
observed in the resulting set of parameters obtained by the 
two methods. Local minima in the solution domain were 
suggested to be the reason for this observation. Karkalos 
and Markopoulos [11] used the Fireworks optimization 
algorithm for the determination of all the five parameters 
of Johnson-Cook constitutive material model parameters. 
Their suggestion was to choose the bounds for optimization 
variables carefully to avoid premature convergence to a solu-
tion far from the optimal point. Pujana et al. [12] varied four 
parameters (B, n, C and m) of the Johnson-Cook model for 
the inverse analysis using deterministic minimization tech-
niques. The selection of initial values was found to influence 
the optimized set of parameters. The use of regularly distrib-
uted function evaluations was proposed in order to reach the 
absolute minimum.
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The third category focuses on the non-uniqueness study 
and attempts to eliminate this by adding experimental results 
to determine a unique parameter set. Shrot et al. [20] studied 
the non-unique identification of Johnson-Cook parameters 
by matching the results of machining experiments and finite 
element models. The parameters A, B and n were varied in a 
defined interval. The parameter sets were selected based on 
the closeness of effective stress-strain plots using the stand-
ard Johnson-Cook parameters and test parameters. Similar 
chip shapes and cutting forces were obtained by the FEM 
simulation using these identified parameter sets. However, 
the non-uniqueness was attributed to the measurement error 
during experiments. The use of different cutting conditions 
was suggested to obtain a unique parameter set.

Storchak et al. [21] determined the Johnson-Cook param-
eters using observations of compression tests and machining 
experiments. The parameters A, B and n were determined by 
fitting the flow curve to the results of compression tests at 
room temperature. Then, the parameter m was determined 
by using the observations of compression tests performed 
at different temperatures and then averaging all the values. 
Only the parameter C was obtained using the Oxley theory 
and machining experiments by comparing the calculated 
and measured cutting forces. Utilization of actual machining 
experimental data also takes into the account of the extreme 
conditions prevailing in machining process tests by relatively 
simpler orthogonal machining experiments.

These three different approaches coupled with multiple 
methods to determining unique values of Johnson-Cook 
parameters via inverse methods show that the origin of non-
uniqueness of the parameters (when inverse methods are 
used) is far from settled. In this paper, we hope to address 
this issue by considering two different approaches to deter-
mine the Johnson-Cook material model parameters uniquely.

3  Methodology

For the inverse approach using orthogonal machining, 
the observations of machining experiments, the results of 
machining simulations or an analytical model and a wide 
range of the Johnson-Cook parameters are used as input. An 
objective function comprising of the experimental observa-
tions and results of the simulation or analytical model is 
formed. The extended Oxley model is used in this work as 
the analytical model. This model predicts the machining out-
put for a given set of the Johnson-Cook parameters and the 
machining conditions. Using the optimization algorithm, the 
Johnson-Cook parameters are tuned to minimize the objec-
tive function. The cutting force ( Fc ), chip thickness ratio ( hc 
= ratio of chip thickness to uncut chip thickness) and tool-
workpiece interface temperature ( Tint ) are commonly taken 
as the variables of the objective function, which is given by

Here, the label “exp” represents experimental observa-
tion and “sim” represents simulated or calculated value. The 
observations of the machining experiment is assumed to be 
the same as that obtained from the extended Oxley model 
using the known values of Johnson-Cook parameters in the 
literature [22]. This is done to eliminate the measurement 
uncertainty associated with experiments. Also, the accuracy 
of the determined Johnson-Cook parameters can be obtained 
by comparing with these reference values.

For investigating the reason behind multiple sets 
of Johnson-Cook parameters obtained using inverse 
approaches, two approaches (shown in Fig. 1) are taken. 
In the first approach, all the five Johnson-Cook parameters 
are considered as the unknown variables. In the second 
approach, the parameters C and m are considered as the 
only unknown variables. The motivation behind this is 
given in Section 5. The parameters A, B and n are con-
sidered as known. They are determined using the quasi-
static tensile test and their values are taken same as shown 
in Table 1, under the column “Ref value [22]”. For the 
unknown Johnson-Cook parameters C and m, a wide range 
is provided as input to the optimization algorithm. This is 
based on their values for different materials in the litera-
ture [7] and [23]. The ranges considered for the parameters 
are shown in Table 1. The machining conditions used as 
input parameters are given in Table 2. Ivester et al. [24] 
performed orthogonal machining of tubes of 1.6 mm wall 
thickness. The material of AISI 1045 (chemical composi-
tion provided in Table 3) with these machining conditions. 
Lalwani et al. [25] compared the observations of these 
experiments with the predicted results of extended Oxley 
model and observed that the predicted values are close 
to lower bound values observed in the experiments.This 

(2)

Err =

[(
Fc,exp − Fc,sim

Fc,exp

)2

+

(
hc,exp − hc,sim

hc,exp

)2

+

(
Tint,exp − Tint,sim

Tint,exp

)2] 1

2

.

Fig. 1  Two approaches considered for determining the Johnson-Cook 
parameters
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validates the use of extended Oxley model for orthogonal 
machining conditions.

The Johnson-Cook parameters are obtained with these 
inputs by minimizing the objective function using the opti-
mization algorithms, AMPGO, and PSO algorithms. In the 
optimization loop, the extended Oxley model is used to cal-
culate the values of the machining output for a given set of 
Johnson-Cook parameters. The output of Approach 1 is all 
the five parameters, whereas the parameters C and m are the 
output of Approach 2. The uniqueness of the parameter sets 
is discussed in the results section.

3.1  Extended Oxley theory

The parallel-sided shear zone theory is a widely used ana-
lytical model for predicting the stresses, cutting forces 
and the average temperature in orthogonal machining. 
The theory is explained in detail in Oxley and Shaw [1]. 
The deformation zone consists of two regions: a parallel-
sided primary shear zone and a rectangular secondary 
shear zone at the tool-chip interface of constant thickness. 
Although further improvement of Oxley model has been 
done by Karpat and Ozel [26] by incorporating more real-
istic shape of secondary shear zone, the extended Oxley 
model has been selected for this work because of its com-
putational simplicity. The focus in this work is primarily 
given to provide an approach for unique determination of 

Johnson-Cook parameters. Along with the application of 
the principle of minimum work, the extended Oxley theory 
analyses the equilibrium of the shear plane AB (shown in 
Fig. 2) and the tool-chip interface to determine the physi-
cal parameters of the machining process. This is done by 
tuning three parameters, namely shear angle � , strain-rate 
constant at the shear zone C0 and strain-rate constant at the 
tool-chip interface zone � . The range of the parameters C0 , 
� and � are taken from Lalwani et al. [25]. These ranges 
are large enough to include the values/ ranges obtained by 
Oxley and Hastings [27] and Ivester et al. [24].

3.1.1  Shear Plane AB

Let t1 be the uncut chip thickness, V the cutting velocity 
and � the rake angle of the tool. Then the length of the 
shear plane lAB , the chip thickness t2 , the shear velocity 
VS , and the chip velocity VC are given by

and

(3)lAB =
t1

sin�
,

(4)t2 =
t1 cos(� − �)

sin�
,

(5)VS =
V cos �

cos(� − �)
,

Table 1  Johnson-Cook parameter range used as search space in opti-
mization algorithms

Parameter Ref. value [22] Min value Max value

A (MPa) 553.1 440 660
B (MPa) 600.8 480 730
n 0.234 0.18 0.28
C 0.0134 0.001 0.090
m 1 0.5 2

Table 2  Machining conditions used [25] for simulating Approach 1 
and Approach 2

Test no. V (m/min) t
1
 (mm) �(◦)

1 200 0.15 -7
2 200 0.15 5
3 200 0.30 -7
4 200 0.30 5
5 400 0.15 -7
6 400 0.15 5
7 400 0.30 -7
8 400 0.30 5

Table 3  Chemical composition of AISI 1045 steel (Military specifi-
cation) [24]. The measured value in [24] conformed to this spec

Element C Mn P S Si

Content (%) 0.45 0.70 0.009 0.008 0.26

Fig. 2  Chip formation model in Oxley’s theory [1]
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The equivalent shear strain at AB, �AB , is given by

The equivalent shear strain-rate along AB, �̇�AB , is given by

Here, �AB and �̇�AB are, respectively, the shear strain and 
shear strain rate along the shear plane.

The shear flow stress, kAB can be obtained from the tensile 
flow stress, �AB by using the von Mises criterion and the 
Johnson-Cook material model as

with

The average temperature along AB, TAB is calculated using

Here, T0 is the initial temperature, � is the Taylor–Quin-
ney coefficient and ΔTSZ is the temperature rise in the pri-
mary shear zone. This temperature rise is obtained using the 
plastic work done in shear zone and is given by

Here, FS is the cutting force acting on the shear plane, 
VS is the shear velocity of material, � is the density of the 
workpiece, Cp is the specific heat of the workpiece and w is 
the width of workpiece. The term � is the fraction of heat 
conducted into the workpiece from the shear zone, which is 
estimated from the empirical equations

Here RT is a non-dimensional number given in terms of 
the specific heat ( Cp ), cutting velocity (V), uncut chip thick-
ness ( t1 ) and the thermal conductivity of the workpiece (K) 
by

(6)VC =
V sin�

cos(� − �)
.

(7)�AB =
�AB√
3
=

cos �

2
√
3 sin� cos(� − �)

.

(8)�̇�AB =
�̇�AB√
3
=

C0VS√
3lAB

.

(9)kAB =
�AB√
3

(10)

𝜎AB =
(
A + B𝜀n

AB

)[
1 + C ln

(
�̇�AB

�̇�0

)][
1 −

(
TAB − T0

Tm − T0

)m]
.

(11)TAB = T0 + �ΔTSZ .

(12)ΔTSZ =
(1 − �)FSVS

�Vt1wCp

.

(13)

� = 0.5 − 0.35 log(RT tan�) for 0.04 ≤ RT tan� ≤ 10

= 0.3 − 0.15 log(RT tan�) for RT tan� ≥ 10.

The angles in the chip formulation model (Fig. 2) are 
related by the expressions

and

Here, strain hardening exponent for the Johnson-Cool 
material model, neq is expressed by the expression in [25] as

The normal stress at the tool-chip interface is given by

3.1.2  Tool‑chip interface

The strain ( �int ) and strain-rate ( �̇�int ) at tool–chip interface 
using von Mises criterion are given by

and

Here, �int and �̇�int are, respectively, the shear strain and 
shear strain rate at tool-chip interface.

The average temperature at the tool–chip interface, Tint 
is given by

Here, � is a factor to account for the average value of Tint 
and a value of � = 0.9 is taken in this study [25]. ΔTM is the 
maximum temperature rise of the chip and is calculated using 
the empirical equation proposed by Boothroyd [28]:

(14)RT =
�CpVt1

K
.

(15)� = tan−1
(
1 + 2

(
�

4
− �

)
− C0neq

)
,

(16)� = � − � + �.

(17)neq ≈
nB�n

AB

A + B�n
AB

.

(18)��
N
= kAB

(
1 +

�

2
− 2� − 2C0neq

)
.

(19)�int =
�int√
3
= 2�AB +

h

2
√
3�t2

(20)�̇�int =
̇𝛾int√
3
=

VC√
3𝛿t2

.

(21)Tint = T0 + ΔTSZ + �ΔTM .

(22)

log

(
ΔTM

ΔTC

)
= 0.06 − 0.195�

√
RTt2

t1
+ 0.5 log

(
RTt2

h

)
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The tool-chip interface length, h and the average tempera-
ture rise in the chip ΔTC are given by

and

Here F is the frictional force acting at the tool–chip 
interface.

The flow stress at the tool-chip interface, kchip is calculated 
using the expression

3.1.3  Cutting forces

The cutting forces (shown in Fig. 2) are obtained using the 
following equations.

and

The normal stress �n and the shear stress �int at the tool-chip 
interface are given by

and

(23)h =
t1 sin �

cos � sin�

⎛
⎜⎜⎜⎝
1 +

C0neq

3
�
1 + 2

�
�

4
− �

�
C0neq

�
⎞
⎟⎟⎟⎠

(24)ΔTC =
FVC

�Vt1wCp

.

(25)

kchip =
1√
3

�
A + B𝜀n

int

��
1 + C ln

�
�̇�int

�̇�0

��

×

�
1 −

�
Tint − T0

Tm − T0

�m�
.

(26)F = R sin �,

(27)N = R cos �,

(28)FS = R cos(� + � − �) = kABlABw,

(29)NS = R sin(� + � − �),

(30)Fc = R cos(� − �),

(31)Ft = R sin(� − �).

(32)�N =
N

hw

(33)�int =
F

hw
.

3.2  Calculation flowchart

The flowchart for determining the Johnson-Cook parameters 
is shown in Fig. 3. There are two loops in the flowchart: 
the inner loop shown by the dashed line and the outer loop 
shown by the solid line. The calculation for all the machin-
ing parameters for a given Johnson-Cook parameter set is 
performed in the inner loop. The objective of the inner loop 
is to minimizing the gap between kchip and �int , �N and �′

N
 and 

obtain the minimum cutting force FC by tuning the param-
eters �,C0 and � . The detailed derivations and the equations 
used have been adopted from Lalwani et al. [25]. The dif-
ference in the calculation approach in the current work with 
respect to Lalwani et al. [25] is that instead of varying the 
values of the parameters ( �,C0 and � ) by discrete values, 
the optimization is done using the AMPGO algorithm. This 
eliminates the dependence of the optimization accuracy on 
the discrete interval.

Fig. 3  Determining JC parameters using AMPGO/PSO method
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The optimal Johnson-Cook parameter values are deter-
mined using the outer loop. A wide range of Johnson-Cook 
parameters is provided as input. The objective here is to min-
imize the objective function of Eq. () by tuning the Johnson-
Cook parameters. The minimization is accomplished using 
both the AMPGO algorithm and PSO algorithm separately, 
for each of the two approaches shown in Fig. 1.

3.3  Adaptive Memory Programming for Global 
Optimization (AMPGO) method

Adaptive Memory Programming for Global Optimiza-
tion (AMPGO) is an optimization algorithm presented by 
Lasdon et al. [29] for the constrained global optimization 
problems. It consists of two phases: minimization and tun-
neling. A local minimum is found using a descent algorithm. 
Then, using a tunneling loop (See Fig. 4), the objective is 
to improve the found minimum with the new solution away 
from the current solution for the next minimization phase. 
The tunneling function is given by Eq. (34).

Here, f (�) is the function to be optimized. The aspiration 
value for the objective function is slightly less than the current 
best value. Tabulist contains the points from which to move away, 
i.e., the most recent local solution and recent solutions of tun-
neling sub-problems that failed to achieve the optimum condi-
tion. Also, dist(�, �i) denotes the Eulerian distance .

3.4  Particle Swarm Optimization (PSO) method

The particle swarm optimization method was first proposed 
by Kennedy and Eberhart [30]. The method, motivated by the 
social behavior of bird flocks, can be used to find the mini-
mum or maximum values of an objective function f (�) , where 
� = [x1, x2, ..., xn] is a vector of variables, also known as a 
position vector. In this method, a swarm size is chosen. The 

(34)TTf (�) =
( f (�) − aspiration)2

∏
�i∈ Tabulist

�
dist(�, �i)

�2 .

optimized solution is found based on the cooperation of these 
swarm particles in terms of learning and communication among 
them.

The search movement for optimum solution of each par-
ticle, shown in Fig. 5, comprises of a component of current 
velocity direction vi

t
 , a movement component toward local 

best solution from all the previous iterations c1
(
pi
t
− xi

t

)
 and 

a movement component toward global best , i.e., the best 
solution of all the particles in the swarm c2

(
gi
t
− xi

t

)
 . The 

velocity for the next iteration (t + 1) for ith particle of the 
swarm, represented by vi

t+1
 is given by Eq. (35).

Here, parameter � is called inertia weight, c1 is called 
cognitive learning factor and c2 is called social learning fac-
tor. These three parameters control the contribution of each 
factor in a particle’s movement. r1 and r2 are the random 
numbers in the range (0,1) and are used to avoid premature 
convergence. For this work, a swarm size of 20 with equal 
values to the parameters c1 and c2 is used.

4  Results

In this section, the results of the parameter determina-
tion using Approach 1 and Approach 2 is presented. For 
each of the approaches, both AMPGO and PSO methods 
are used. Using Approach 1, multiple sets of Johnson-
Cook parameters are obtained by both of the optimization 
algorithms for different machining conditions of Table 2. 
Tables 4 and 5 show sets of optimal parameters for the 
machining condition 4 by AMPGO algorithm and PSO 
method, respectively. The variation of each parameter over 
the ten sets is quite large. For example, in Table 4 the 
parameter A varies from 449.5 MPa to 658.3 MPa. Table 6 
shows another example of the parameters calculation using 
AMPGO algorithm for the machining condition 5 with 
Approach 1. This machining condition differs widely from 
the machining condition 4 in cutting speed, rake angle 
and uncut chip thickness. The determined parameters are 
not unique.

(35)vi
t+1

= �vi
t
+ c1r1

(
pi
t
− xi

t

)
+ c2r2

(
gi
t
− xi

t

)
.

Fig. 4  Tunneling approach of AMPGO algorithm [29]

Fig. 5  Movement of particles in PSO algorithm
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Using Approach 2, where only the parameters C and 
m are varied, very close values of the Johnson-Cook 
parameters are obtained by each of the algorithms. The 
optimization is done ten times for each of the machin-
ing conditions to verify the uniqueness of the parameter 
set obtained by each algorithm. The deviation of the 
obtained parameters is within ±2% from the values of 
the parameters in the literature [22]. The average value 
of ten optimizations for each of the parameters obtained 
by the AMPGO and PSO algorithm is given in Tables 7 
and 8, respectively.

Comparisons of the optimal values of the Johnson Cook 
parameters C and m from the optimization algorithms 
AMPGO and PSO are shown in Figs. 6 and 7, respectively. 
The solid red lines in the plots represent the range of the 
parameter provided as an input to the algorithm. Also, the 
green dashed line indicates the value reported in the litera-
ture [22]. The results indicate that the optimization algo-
rithms match the value provided in the literature to a fair 
accuracy.

5  Discussion on the unique determination 
of Johnson‑Cook parameters

As discussed in the Results section, non-unique sets of 
the Johnson-Cook parameters are obtained when all the 
five Johnson-Cook parameters are chosen as unknowns. 
To investigate further, the machining quantities calcu-
lated and compared in Tables 10, 11 and 12 using these 
Johnson-Cook parameters sets obtained in Tables 4, 5 and 
6, respectively. The last row in each Table corresponds to 
the Johnson-Cook parameters obtained using Approach 2 
for the respective machining condition. The variables of 
the objective function, i.e., the cutting force, chip ratio and 
the tool-chip interface temperature, agree for all ten sets. 
In fact, the values of all the other quantities such as the 
shear strain �AB and strain-rate �̇�AB and average temperature 
TAB at shear plane AB match with each other and also with 
the corresponding results calculated using the parameters 
determined by Approach 2. Additionally, the values of 
Oxley model parameters, � , C0 and � are also compared. 
Interestingly, the values of � and � are very close for all 

Table 4  Johnson-Cook parameters obtained using Approach 1 by 
AMPGO method (for Machining condition 4)

Set no. A (MPa) B (MPa) n C m

1 449.5 720.3 0.228 0.0160 0.922
2 471.8 720.8 0.233 0.0140 0.921
3 473.9 720.8 0.231 0.0130 0.935
4 479.4 719.9 0.234 0.0130 0.924
5 499.1 719.9 0.238 0.0110 0.929
6 508.9 719.6 0.241 0.0100 0.924
7 545.1 648.3 0.248 0.0120 0.951
8 567.8 623.5 0.254 0.0110 0.959
9 578.9 613.4 0.254 0.0100 0.978
10 658.3 507.6 0.277 0.0100 1.024

Table 5  Johnson-Cook parameters obtained using Approach 1 by 
PSO method (for Machining condition 4)

A (MPa) B (MPa) n C m

469.3 697.7 0.214 0.0141 0.968
478.7 687.3 0.214 0.0132 0.985
482.2 701.2 0.221 0.0135 0.949
499.6 675.3 0.220 0.0127 0.977
513.1 647.7 0.233 0.0167 0.934
541.2 648.7 0.246 0.0155 0.906
549.9 657.0 0.248 0.0140 0.903
574.3 608.3 0.240 0.0111 0.990
580.6 590.2 0.242 0.0120 0.994
608.2 584.2 0.247 0.0093 1.005

Table 6  Johnson-Cook parameters obtained using Approach 1 by 
AMPGO method (for Machining condition 5)

A (MPa) B (MPa) n C m

440.1 728.8 0.208 0.0135 0.972
485.2 677.1 0.214 0.0124 1.004
502.7 668.1 0.224 0.0134 0.970
527.4 675.2 0.229 0.0110 0.964
560.3 645.4 0.242 0.0121 0.939
600.3 606.0 0.252 0.0113 0.953
618.4 559.1 0.248 0.0103 1.019
626.8 480.5 0.251 0.0141 1.075
635.6 501.6 0.259 0.0135 1.028
658.7 516.0 0.264 0.0109 1.013

Table 7  JC parameters obtained using Approach 2 by AMPGO algo-
rithm for machining conditions shown in Table 2

Test no. C m

1 0.01343 0.9987
2 0.01342 0.9990
3 0.01345 0.9988
4 0.01347 0.9983
5 0.01337 0.9999
6 0.01346 0.9979
7 0.01349 0.9982
8 0.01353 0.9970
Jaspers and Dautzenberg [22] 0.0134 1
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cases for each of Tables 9, 10 and 11, but the values of 
C0 do not match. However, the values of the product of 
C0 and neq remain approximately same for all cases. This 
result is in agreement with the obtained values of equal 
phi, as seen in Eq. (15). Also, the effect of different values 
of C0 is seen in the values of ̇𝜀AB . However, the values of 
kAB which is a combined effect of all the Johnson-Cook 
parameters remain approximately same for all cases. These 
results clearly show that Approach 1 leads to multiple sets 
of values for the Johnson-Cook parameters while provid-
ing the same output.

To further confirm the non-uniqueness resulting from 
Approach 1, finite element simulations are carried out 
for Test case 4 using different parameter sets. As a test 
case, three material parameter sets corresponding to Set 
no. 1, Set no. 7 and Set no. 10 of Table 4 are selected and 
used for the simulations. The purpose of these simula-
tions is to demonstrate that similar results are obtained 
when these different sets of parameters are used while 
modeling. For brevity and keeping the primary focus on 
the central idea of the paper, the details of FEM model 
and other simulation parameters are not presented here. 
Further details of FEM can be referred in [31, 32]. The 

predicted cutting forces from these simulations are com-
pared in Fig. 8. Also the corresponding chip profiles, von 
Mises stress profile and temperature profiles are com-
pared in Fig. 9. Clearly, the results obtained from the 
simulations using different Johnson-Cook parameter sets 
are in close agreement.

To investigate the reason for the non-uniqueness of the 
Johnson-Cook parameters determined using Approach 1, 
the strain hardening term of the Johnson-Cook constitutive 
model, i.e., 

(
A + B�n

p

)
 is calculated for the ten parameters 

sets in Table 3. It may be recalled that these parameter sets 
were obtained using Approach 1 for the machining condi-
tion 4 of Table 2. The calculated strain hardening term for 

Table 8  JC parameters obtained using Approach 2 by PSO method 
for machining conditions shown in Table 2

Test no. C m

1 0.01344 0.9986
2 0.01342 0.9990
3 0.01346 0.9986
4 0.01347 0.9982
5 0.01339 0.9997
6 0.01348 0.9975
7 0.01356 0.9970
8 0.01354 0.9969
Jaspers and Dautzenberg [22] 0.0134 1

Fig. 6  Comparison of Johnson Cook parameter C 

Fig. 7  Comparison of Johnson Cook parameter m 

Table 9  Strain hardening term for Johnson-Cook parameters obtained 
using Approach 1 for the machining condition 4

A (MPa) B (Mpa) n �p A + B�n
p

449.508 720.342 0.2276 0.6321 1098
471.753 720.800 0.2328 0.6321 1120
473.947 720.798 0.2306 0.6320 1122
479.400 719.891 0.2341 0.6321 1126
499.116 719.877 0.2376 0.6321 1145
508.910 719.630 0.2408 0.6321 1153
545.087 648.332 0.2482 0.6321 1124
567.799 623.450 0.2541 0.6321 1123
578.884 613.379 0.2539 0.6320 1125
658.250 507.556 0.2775 0.6321 1105

Fig. 9  Comparison of chip profile, von Mises stress and Temperature 
profile using different JC parameter sets obtained using Approach 1

Fig. 8  Comparison of cutting force using different JC parameter sets
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Table 10  Machining quantities calculated using Johnson-Cook parameters obtained from Approach 1 using AMPGO method (Machining condi-
tion 4). The data in last row corresponds to quantities calculated with the parameters obtained using AMPGO method and Approach 2

� C
0

� t
2
 (mm) �AB ̇𝜀AB (1/s) �int ̇𝜀int (1/s) TAB (◦ C) Tint (◦ C) kAB ( N∕mm2) neq �◦ Fc (N) Ft (N) Chip ratio

0.021 3.263 0.527 0.54 0.63 11583 14.72 92995 292.4 1015.0 573.8 0.13 47 770.7 235.3 1.8
0.021 3.258 0.527 0.54 0.63 11566 14.68 92733 292.5 1014.8 573.9 0.13 47 770.7 235.3 1.8
0.021 3.293 0.527 0.54 0.63 11692 14.87 94064 292.4 1015.4 573.8 0.13 47 770.5 235.2 1.8
0.021 3.264 0.527 0.54 0.63 11590 14.70 92869 292.4 1014.9 573.9 0.13 47 770.7 235.3 1.8
0.021 3.274 0.527 0.54 0.63 11625 14.74 93150 292.4 1015.0 573.8 0.13 47 770.6 235.3 1.8
0.021 3.261 0.527 0.54 0.63 11578 14.66 92556 292.5 1014.7 573.9 0.13 47 770.8 235.4 1.8
0.021 3.433 0.527 0.54 0.63 12189 14.66 92549 292.5 1014.7 573.9 0.13 47 770.8 235.4 1.8
0.021 3.493 0.526 0.54 0.63 12401 14.60 92174 292.5 1014.5 573.9 0.13 47 770.8 235.4 1.8
0.021 3.560 0.527 0.54 0.63 12641 14.79 93519 292.4 1015.2 573.8 0.12 47 770.6 235.2 1.8
0.021 3.910 0.527 0.54 0.63 13882 14.68 92716 292.4 1014.8 573.9 0.11 47 770.7 235.3 1.8
0.02 3.765 0.531 0.54 0.63 13486 15.54 100787 293.1 1015.1 578.0 0.11 47 770.6 230.2 1.8

Table 11  Machining quantities calculated using Johnson-Cook parameters obtained from Approach 1 using PSO method (Machining condition 
4). The data in last row corresponds to quantities calculated with the parameters obtained using PSO method and Approach 2

� C
0

� t
2
 (mm) �AB ̇𝜀AB (1/s) �int ̇𝜀int (1/s) TAB (◦ C) Tint (◦ C) kAB ( N∕mm2) neq �◦ Fc (N) Ft (N) Chip ratio

0.020 3.545 0.531 0.53 0.63 12710 15.78 102695 293.7 1018.4 580.0 0.12 47 772.7 230.3 1.8
0.020 3.594 0.530 0.54 0.63 12858 15.82 102485 292.4 1014.7 576.0 0.12 47 768.7 230.3 1.8
0.020 3.466 0.531 0.54 0.63 12411 15.40 99726 293.0 1014.5 577.8 0.13 47 770.5 230.3 1.8
0.020 4.018 0.530 0.54 0.63 14350 15.92 102739 293.3 1020.3 577.9 0.11 47 772.3 232.4 1.8
0.021 3.494 0.530 0.54 0.63 12502 14.74 94897 292.6 1010.0 576.6 0.12 47 769.3 230.4 1.8
0.022 3.397 0.529 0.54 0.63 12113 14.14 89883 293.2 1011.8 577.2 0.13 47 772.4 233.4 1.8
0.022 3.398 0.531 0.54 0.63 12173 14.48 93328 293.8 1012.5 579.8 0.13 47 773.0 231.0 1.8
0.021 3.585 0.526 0.54 0.63 12710 14.97 94402 293.0 1019.8 575.0 0.12 47 773.1 236.9 1.8
0.018 4.071 0.533 0.53 0.63 14664 16.87 111669 294.1 1020.9 582.2 0.11 47 772.7 227.6 1.8
0.020 3.809 0.531 0.54 0.63 13646 15.47 100281 293.1 1014.8 578.0 0.11 47 770.6 230.2 1.8
0.02 3.765 0.531 0.54 0.63 13487 15.54 100778 293.1 1015.1 578.0 0.11 47 770.6 230.2 1.8

Table 12  Machining quantities calculated using Johnson-Cook parameters obtained from Approach 1 using AMPGO method (Machining condi-
tion 5). The data in last row corresponds to quantities calculated with the parameters obtained using AMPGO method and Approach 2

� C
0

� t
2
 (mm) �AB ̇𝜀AB (1/s) �int ̇𝜀int (1/s) TAB (◦ C) Tint (◦ C) kAB ( N∕mm2) neq �◦ Fc (N) Ft (N) Chip ratio

0.018 5.168 0.374 0.36 0.89 54740 19.69 251145 370.0 1070.8 571.9 0.13 49 508.1 266.8 2.4
0.017 5.392 0.374 0.36 0.89 57122 19.91 254419 370.0 1071.3 571.9 0.12 49 508.0 266.7 2.4
0.018 5.268 0.374 0.36 0.89 55793 19.26 245082 370.2 1069.9 572.2 0.13 49 508.4 267.0 2.4
0.018 5.237 0.374 0.36 0.89 55467 19.22 244538 370.2 1069.8 572.2 0.13 49 508.4 267.0 2.4
0.019 5.201 0.374 0.36 0.89 55078 18.60 235766 370.4 1068.3 572.6 0.13 49 508.8 267.2 2.4
0.019 5.342 0.374 0.36 0.89 56559 18.54 234796 370.4 1068.2 572.6 0.12 49 508.8 267.3 2.4
0.018 5.738 0.374 0.36 0.89 60770 19.31 245870 370.2 1070.0 572.2 0.12 49 508.4 266.9 2.4
0.018 6.215 0.374 0.36 0.89 65830 19.58 249607 370.1 1070.6 572.0 0.11 49 508.2 266.8 2.4
0.018 5.930 0.374 0.36 0.89 62802 18.95 240653 370.3 1069.2 572.4 0.11 49 508.6 267.1 2.4
0.019 5.835 0.374 0.36 0.89 61786 18.82 238789 370.3 1068.9 572.4 0.11 49 508.7 267.2 2.4
0.018 5.535 0.374 0.36 0.89 58621 19.30 245623 370.2 1070.0 572.2 0.12 49 508.4 266.9 2.4
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each of these sets is shown in Table 9. It is observed that 
in all the cases, this term has approximately the same 
value. Thus, it may be concluded that the inverse methods 
discussed here determine the strain-hardening term 
uniquely but are not able to determine the parameters A, B, 
and n uniquely.

Summarizing, multiple non-unique sets of the Johnson-
Cook parameters are obtained using Approach 1. Using 
these parameters, variations within a small range are 
observed in the calculated strain hardening terms and no 
difference is observed in the results of the Oxley model, 
such as cutting forces and temperatures. This highlights the 
inherent shortcoming of the Approach 1, which predicts 
multiple sets of Johnson-Cook parameters which produce 
similar simulation/ analytical results. Physically, there can-
not be multiplicity of parameters. For example, there cannot 
be multiple yield strength (denoted by the parameter A) 
of the same material. Additionally, this observation under-
scores the importance of analyzing the results while using 
numerical approaches.

A unique set of Johnson-Cook parameters is obtained 
using Approach 2 where the parameters A, B and n are deter-
mined using the tensile test experiment and the parameters 
C and m are determined using the inverse method. Thus to 
determine the Johnson-Cook parameters uniquely, an inverse 
method comprising of the quasi-static tensile test, orthogo-
nal machining experiments, analytical models or simulations 
and optimization algorithms can be followed.

6  Conclusion

For simulating the behavior of materials during various 
manufacturing operations such as machining, the Johnson-
Cook material model is widely used. Due to the limitation 
in achieving the extreme conditions of the actual operation, 
the parameters of the material model determined using 
experiments may not be accurate. Various researchers use 
the inverse method to overcome this difficulty. This work 
attempts to streamline the three categories and multiple 
methods currently being used by researchers (discussed 
in Literature review section) to identify the Johnson-Cook 
material model parameters. The acceptance of non-unique 
determination of the parameters, finding the root cause of 
non-uniqueness and providing a systematic approach for 
unique determination of these parameters are the major 
contributions of this work.

Following conclusions can be made based on this work: 

(a) When all five parameters of the Johnson-Cook model 
are selected as unknowns, multiple sets of values are 
predicted by the inverse approach. Moreover, these 

parameters are shown to produce identical machining 
outputs (Table 10). This result is in contrast to the first 
category of research studies.

(b) The root cause of this non-uniqueness is identified 
in this work, instead of suggesting various possible 
reasons (as in the second category). Coupling of the 
parameters A, B and n in a single strain hardening term 
is shown as the root cause.

(c) A robust combination of experimental and numeri-
cal method (Approach 2) is used to resolve the non-
uniqueness issue (in line with the third category). This 
method is shown to result in unique determination of 
the parameters. In this approach, the parameters A, B 
and n are determined using the tensile test experiment 
and the parameters C and m are determined using the 
inverse method.

(d) The benefit of this approach is that orthogonal machin-
ing experiments along with uniaxial, quasi-static tensile 
tests are sufficient for determining the Johnson-Cook 
parameters. The difficulty of conducting experiments 
at the extreme high strain-rates and high temperatures 
observed in machining to determine the thermal soften-
ing and strain-rate parameters C and m is eliminated.

(e) This proposed approach is more robust than the existing 
methods in terms of a very wide search space used in 
the inverse method. For example, the search space for 
the parameter C is [0.001, 0.09] for the actual value of 
the parameter as 0.0134. This is particularly useful for 
the parameter determination of new materials, where 
the range of the parameter is not known.
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