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Abstract

Mechanical properties and deformation behavior of AISI 8620 steel were investigated and intensively analyzed. Kocks-
Mecking (K-M) and Crussard-Jaoul (C-J) analyses were applied to describe the deformation behavior. Flow stresses, yield point,
and instability were predicted and compared with experimental data using various constitutive models, namely Ludwik, Hollomon,
Swift, Ludwigson, VVoce, and artificial neuron network (ANN). It was found that the plastic deformation behavior of the AISI 8620
steel was in stage 111 with a single negative slope value. Two different plastic deformation zones were observed. All constitutive
and ANN models excellently predicted the flow stresses in the range of uniform plastic deformation between the yield point and
the instability. The yield point and instability with errors less than 4 and 6% could be predicted, respectively, using Ludwik,
Hollomon, Swift, Ludwigson, and VVoce models, whereas the ANN model accurately determined the yield stress and instability.
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1. Introduction

AISI 8620 steel is widely selected in the automotive
and aerospace industries because of its high intensity, high
toughness, good hardenability, and stability in resisting
overheating (Celik, Efeoglu, & Sakar, 2001; Lu et al., 2011).
Moreover, the alloying elements, such as Cr, Ni, and Mo in
AISI 8620 steel, provide a high potential for various surface
treatments to improve its wear and corrosion resistances for
more complex applications (Celik et al., 2001; Gunes, Ulker, &
Taktak, 2011; Tabur, lzciler, Gul, & Karacan, 2009).
Therefore, the AISI 8620 steel is related to engineering,
especially mechanical properties, design, and manufacturing.
Nowadays, engineering designs and manufacturing processes
are becoming more sophisticated and advanced because precise
forming and manufacturing processes are more in demand.
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Thus, computer-aided engineering (CAE) and manufacturing
(CAM) are essential in precision manufacturing. The
calculations and simulations of computer-aided engineering
and manufacturing are well established in terms of accurate
mechanical properties and an excellent understanding of the
deformation behavior of metallic materials, especially in the
plastic deformation region. In commercial CAE/CAM
software, empirical parameters from experimental or test data
are necessary for calculation and simulation. Tensile testing is
one of the most well-known mechanical testing methods. A
uniaxial stress-strain relationship in elastic, elastic-plastic, and
plastic regions of investigated metallic materials is provided
(Ghosh & Ghosh, 2018). The deformation behavior in the
plastic region after the proportional limit to ultimate tensile
strength (UTS) is necessary information used in metal forming
design, particularly when more precise forming is expected.
Therefore, understanding plastic deformation behavior is
crucial and shall be addressed. There are several constitutive
equations, i.e., Ludwik (Ludwik, 1909), Hollomon (Hollomon,
1945), Swift (Swift, 1952), Ludwigson (Ludwigson, 1971), and
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Voce (Voce, 1948) describing the relationship between stress
and strain in the plastic region.

Moreover, machine learning using an artificial neural
network (ANN), was a recent alternative approach to modeling
materials and processing techniques (J. Ghaboussi, J. H. Garrett
Jr., 1991; Lee, Shin, & Hwang, 2021; Lin, Zhang, & Zhong,
2008; Lourengo, Andrade-Campos, & Georgieva, 2022). ANN
principally learns from examples or experimental data by
recognizing patterns in a series of input and output values.
Thus, prior assumptions are required, and physical knowledge
about deformation is not incorporated (Haghdadi, Zarei-
Hanzaki, Khalesian, & Abedi, 2013). From this point of view,
prediction and analysis of the deformation behavior and flow
curves using ANN are of particular interest. Furthermore, the
essential mechanical properties from tensile testing, i.e., yield
stress and instability, can be analyzed and determined using
these constitutive equations and ANN. The intensive analysis,
empirical parameters, and determination of tensile properties in
this research will provide useful guidance for other metals in
practice.

Therefore, in this research, the plastic deformation
under tensile loading of the AISI 8620 steel was intensively
analyzed using Ludwik, Hollomon, Swift, Ludwigson, Voce,
and ANN models. Flow stresses were predicted using these
constitutive and ANN models. The parameters and material
constants determined from experimental data are reported. The
sum of squares of deviations of the prediction (Chi-square, 2),
the coefficient of determination (R?), and the mean absolute
percentage error (MAPE) were calculated to validate the
parameters and materials constants of the constitutive models.
Strain hardening behavior was analyzed using the Kocks-
Mecking (K-M) (Kocks, 1976; Kocks & Mecking, 2003;
Mecking & Kocks, 1981; Mondal, Singh, Mukhopadhyay, &
Chattopadhyay, 2013) and Crussard-Jaoul (C-J) (Crussard &
Jaoul, 1950) analysis. Finally, the yield stress and instability of
the AISI 8620 steel were estimated using the constitutive and
ANN models and then compared with experimental values.

2. Materials and Methods

The AISI 8620 steel was delivered as hot-rolled bars
with a diameter of 40 mm. The chemical composition of this
alloy is 0.21 C, 0.85 Mn, 0.02 P, 0.04 S, 0.29 Si, 0.44 Ni, 0.57
Cr, 0.16 Mo, and Fe for the remainder in balance (all values in
wt.%). Specimens of 6x6 mm cross section and a gauge length
of 25 mm were prepared following ASTM ES8 for tensile tests.
The tensile loading direction corresponds to the rolling
direction of the bar. Tensile tests were performed at a constant
strain rate of 10~ s! using the universal testing machine Instron
model 5985. The true stress-strain curve was analyzed. The true
plastic strain was determined by subtracting the elastic strain
from the true total strain. The plastic deformation was analyzed
using Ludwik, Hollomon, Swift, Ludwigson, and Voce models,
shown in Equations (1)-(5). The ¢ is true stress, ¢ is true strain,
k is the strength coefficient, n is the strain hardening exponent,
and A and S are material constants.

The strain hardening rates derived from Ludwik,
Swift, and Voce are shown in Equations (6)-(8). K-M analysis,
differential C-J, and modified C-J (CAO, LI, MA, & SUN,
2017; Das & Chattopadhyay, 2009; Son, Lee, Park, Lee, &
Shin, 2005) are considered based on the strain hardening rate,
as shown in Equations (9)-(11).

Constitutive models:

Ludwik: o =ot+k,e™ (8]
Hollomon: o =kye™ 2
Swift: o =ks(gg + )" 3
Ludwigson: 0 = kg™ + k2, g™® 4
Voce: o =0o(1— Ae~F¢) (5)

Strain hardening rate:
Strain hardening rate of Ludwik:

do/de = doy/de + kne™! (6)
Strain hardening rate of Swift:
do/de = nkY/ngl=1/n %)

Strain hardening rate of VVoce:
do/de = ABose=F®) = B(o;— o)  (8)

Analytical models (from Equation (6)-(8)):
Differential C-J:

In(do/de) = In(kgjne;) + (ng; —1)Ine  (9)
Modified C-J:

(do/de) =In(nk™) + (1 —1/n)Inc (10)
K-M analysis:
do/de = 6, — Bo;0, = Bog (11)

The ANN model has three layers of neurons: input
layer, hidden layer, and output layer, as shown in Figure 1. The
weights and bias values connect the neurons in the network.
The information from the input layer is processed through the
hidden layer. The input signal was broadcast to all neurons in
the hidden layer. Each neuron appended its weighted input
signal, including bias value, and then the activation function
was applied to compute the output signal of each neuron in the
hidden layer, as illustrated in Equation (12). The output layer
was connected to the hidden layer through the weights (Wijk) and
biases (bk), as shown in Equation (13). The ANN was
performed without any material behavior concern, making it
superior to the above constitutive models (Chun, Biglou,
Lenard, & Kim, 1998; Genel, 2004; Sabokpa, Zarei-Hanzaki,
Abedi, & Haghdadi, 2012).

i=1

Ye = (X7 Wich; + by) (13)
Activation function:
2
= 14
) == 1 (14)
Mean square error:
1IN, o
MSE = NZ(YL- -Y) (15)
i=1

Root mean square error:

RMSE = (16)

where X is the input vector, Y is the output vector, h is the
vector of neurons in the hidden layer, W is weights, b is biases,
and i, j, and k are the labels of neurons in the input, hidden, and
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output layers, respectively. The activation function (f) in this
research is a hyperbolic tangent sigmoid (tansig), as shown in
Equation (14). The back-propagation training algorithm is an
iterative gradient algorithm, designed to minimize the mean
square error (MSE) between the predicted output (Y’) and the
desired output (Y). The weights and biases were updated
according to Levenberg-Marquardt optimization. The ANN in
this work was designed and trained using MATLAB. The
dataset was randomly divided into three groups: 75% for the
training set, 15% for the validation set, and 15% for the test set.
The input layer consisted of one feature, which was the true
strain. One hidden layer with thirteen neurons was used. The
output was the true stress.

Finally, the predictive performance, the coefficient of
determination (R?), Chi-square (%), and the mean absolute
percentage error (MAPE) were quantitatively obtained based on
regression analysis. The MAPE is defined as follows.

n
1
MAPEZ—Z
nds o i

=
where E are the data from experiments, and P are the data from
the prediction.

E; - P

x 100 17

3. Results and Discussion

3.1 Microstructure, stress-strain curve, and tensile
properties

The microstructure of the AISI 8620 steel is
composed of ferrite and pearlite structures in equiaxed grains
with an average grain size of 21.67 um. The fractions of ferrite
and pearlite were about 74.5% and 25.5%, respectively. The
Brinell hardness, tested five times, gave an average hardness of
194 HBW. The true stress-strain (flow) curve is plotted in
Figure 2. The yield stress of 430.95 MPa was determined using
the intersection of the 0.2% offset line and stress-strain curve
(Figure 2). The UTS of the engineering stress-strain curve was
about 573.726 MPa, which corresponds to the instability of the
true stress-strain curve. The true stress at the instability of about
620.545 MPa was calculated.

3.2 Deformation behavior

The deformation behavior of metallic materials can
be explored and analyzed via strain hardening rate during the
plastic deformation. Thus, the strain hardening rate was first
plotted versus the true stress followed by the K-M analysis in
Equation (11), as shown in Figure 4. The deformation behavior
of a metallic material was explained by the strain hardening rate
in five stages. Stage | corresponded to a low level of strain
hardening in single crystals oriented for a glide on a single slip
system. For a polycrystalline metallic material, the deformation
in stage | is not considered. Stage Il is described as athermal
hardening. Plastic strains occurred by dislocation movements,
and then the dislocation interactions and multiplications led to
increased resistance to plastic flow. However, the opposite-sign
dislocation can be annihilated, leading to a dynamic recovery,
a softening process occurring concurrently with plastic strain.
Stage |11 corresponds to the regime where the strain hardening
rate decreases linearly as the flow stress increases. At larger
strains, a breakdown of the linear decrease of the strain
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Figure 1. The structure of a three-layer ANN
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Figure 2. Engineering and true stress-strain curves of AISI 8620 steel

hardening rate is referred to as stage 1V. The dislocation debris
accumulates and then increases the strain hardening. In the final
stage V, before the stress saturates, the strain hardening rate is
constant at a very low value. Finally, the strain hardening ends
(Embury, & Lloyd, 2011; Embury, Poole, & Lloyd, 2006;
Pandre, Mhatre, Kotkunde, & Kumar Singh, 2019; Poole,
Rollett & Kocks, 1993). The plastic deformation behavior of
the AISI 8620 steel in Figure 4 exhibited dynamic recovery in
a linear relation in stage Ill. The dislocation annihilation
parameter  of 0.036 was determined by the slope in stage IlI.
The dislocation storage 9o of 22.435 was determined by the y-
axis intersection at the true stress zero. The stage IV was not
observed in the AISI 8620 steel. The instability criterion
referred to as the UTS in the engineering stress-strain curve
could be revealed by the point that has the strain hardening rate
equal to the true stress (do/de = o7) (Dieter, 1988; Tomita &
Okabayashi, 1985; Voce, 1948). The instability at the true
stress of about 620.545 MPa was determined.

The Modified C-J in Equation (10) allows analysis
based on the Swift model. The double logarithmic diagram of
the strain hardening rate as a function of the true stress was
constructed and assessed. Many researchers have reported that
the ferrite-pearlite, especially with a low pearlite fraction,
shows only a single slope in the modified C-J compared with
the ferrite-martensite structure in dual-phase steels. However,
when the modified C-J analysis of the ferrite-pearlite structure
was precisely considered, it was found that the deformation of
the ferrite-pearlite structure exhibited a behavior of a dual-
phase steel. The modified C-J analysis of the AISI 8620 steel is
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shown in Figure 4. The elastic-plastic transition zone was
referred to as a transient stage and the glide of mobile
dislocations in the ferrite phase. Next to the elastic-plastic
transition zone was stage Il of the K-M analysis (Figure 3),
where zones | and Il with slopes of -6.387 and -14.186 were
detected, respectively. The zone | corresponded to the
deformation of constrained ferrite. Finally, zone 11 was related
to the concurrent deformation of hardened ferrite (or martensite
in dual-phase steel) (Alibeyki, Mirzadeh, Najafi, & Kalhor,
2017; Das & Chattopadhyay, 2009; Ghatei Kalashami,
Kermanpur, Ghassemali, Najafizadeh, & Mazaheri, 2016;
Mirzadeh, Alibeyki, & Najafi, 2017; Nasiri & Mirzadeh, 2018;
Tomita & Okabayashi, 1985).

The differential C-J analysis of the AISI 8620 steel
was constructed using a double logarithmic diagram of the
strain hardening rate versus the true strain, as shown in Figure
5. Two zones are identical to the modified C-J analysis. The
deformation behavior analyzed using the differential C-J
diagram in Figure 5 could be interpreted in the same ways as in
the modified C-J diagram. The slopes of -0.713 and -1.375 were
measured for zones | and I, respectively.

3.3 Flow stress prediction

The true stress-strain curve of AISI 8620 steel in a
region between the yield point and the instability was analyzed
using constitutive equations in Equation (1)-(5). All parameters
and empirical constants were determined using non-linear
curve fitting with the least squares method, as shown in Table
1. Moreover, 4%, R? and the MAPE were calculated to validate
the estimated values of parameters and empirical constants.
Flow stresses in a region between the proportional limit, and
the instability were calculated using constitutive equations in
Equation (1)-(5) with parameters and empirical constants in
Table 1 and then plotted in Figure 6. After the instability, flow
stresses were further calculated as extrapolation. The flow
stresses from the experiment and calculation were plotted in
one diagram to exhibit a deviation, as shown in Figure 8. It was
found that all models, i.e., Ludwik, Hollomon, Swift,
Ludwigson, and VVoce, were excellent constitutive models to fit
experimental data of the AISI 8620 steel if the plastic
deformation was uniform between the yield point and the
stability. The Voce model exhibited a higher deviation at low
plastic strain than others. The extrapolated flow stresses after
the instability possessed a very high deviation because all
considered constitutive equations in Equation (1)-(5) were
hardening type models that do not cover flow stress reduction
after the instability or the necking phenomenon.

The flow stresses of the AISI 8620 steel were
predicted using ANN. One hidden layer was found to be
adequate for this problem. The number of neurons in the hidden
layer was optimized by consideration of root mean square error
(RMSE), as shown in Figure 7. Thus, the simulated flow
stresses in Figure 6 were calculated from ANN with thirteen
neurons in the hidden layer. #?, R?, and MAPE were also
calculated to validate the ANN and are shown in Table 1. The
results in Figure 6 show that the predicted stresses using ANN
were very close to the experimental values. The »?and MAPE
of the ANN were lowest, and R? was very close to 1. That
indicated that the ANN model was superior to other constitutive
models. Moreover, the ANN could accurately predict flow
stresses for all strains, even after instability.
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Figure 3. K-M analysis of AISI 8620 steel
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Figure 5. Differential C-J analysis of AISI 8620 steel
3.4 Yield stress and instability determination

The yield stress is usually determined using an
intersection of the offset line with the flow curve, as shown in
Figure 2. The yield stress of about 430.95 MPa was revealed.
An estimate of the yield stress could be generated by
considering the intersection of the offset line with the flow
curve simulated using different models (Figure 6). Therefore,
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Table 1. Parameters, empirical constants, 4% R2 and MAPE of
various constitutive and ANN models
Model Parameters Estimated value
Ludwik oot 132.562
ke 714.110
n. 0.146
Va 4.157
R? 0.999
MAPE 0.331%
Hollomon Kn 824.162
N 0.110
7 5.054
R? 0.998
MAPE 0.367%
Swift & 6.512 x 10
ks 836.224
Ns 0.115
7 3.441
R? 0.999
MAPE 0.589%
Ludwigson ky 938.830
Ny 0.345
ke 5.758
n, -3.886
7 1.733
R? 0.999
MAPE 0.216%
Voce 00 625.018
A 0.322
B 39.768
7 10.549
R? 0.996
MAPE 0.458%
ANN 7 0.183
R? 0.999
MAPE 0.046%
g
=
300 = W\'ﬁg’;}?&gﬂ) —— Experiment
e H : o Ludwik
= 200, C— Hollomon
' —— Swift
100 -'? oot 0002 a0a3 0.004 Az; I\}:g‘:‘gsan
! - ANN
0 ; - :
0.00 0.05 0.10 0.15 0.20
True strain
Figure 6. Simulated flow curves of AISI 8620 steel using various

constitutive models

the yield stresses estimated using the Ludwik, Hollomon, Swift,
Ludwigson, and VVoce models are summarized with percentage
errors in Table 2. All these models exhibited great precision of
estimates of the yield stress.

From the experiment, the instability of 620.545 MPa
in the true stress-strain curve was determined (Figure 2). For
the prediction aspect, the instability criterion could be revealed
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Figure 7. Root mean square error related to the number of neurons in
the hidden layer
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Figure 8. Comparison of predicted and experimental flow stresses of
AISI 8620 steel

by the point at which the strain hardening rate is equal to the
true stress (do/de = o) (Dieter, 1988; Tomita & Okabayashi,
1985; Voce, 1948). Therefore, the strain hardening rates were
calculated from the flow curves simulated by Ludwik,
Hollomon, Swift, Ludwigson, and Voce in Figure 6 and then
plotted in one diagram, as shown in Figure 9. The intersection
of the calculated strain hardening rate and simulated flow curve
in Figure 9 was the estimated instability. All estimated
instability values with percentage errors are shown in Table 2.
All models possessed an error lower than 6% compared with
the experiment. Ludwigson and Voce exhibited a lower
deviation than the other constitutive models. Nevertheless, the
ANN provided superior predicted stresses for a wide range of
strains, resulting in high accuracy and excellent yield stress and
instability determination compared to the constitutive models.

4. Conclusions

The deformation behavior of the AISI 8620 steel was
intensively analyzed. Flow curves, yield, and UTS were
predicted using various constitutive and ANN models.
Conclusions can be summarized as follows:

1. The K-M analysis revealed that the plastic
deformation behavior of the AISI 8620 steel was
in stage 11l with a single negative slope value
(dynamic recovery) until it reached instability.
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Table 2. Determined yield stress and instability using various constitutive and ANN models
Model Yield stress (MPa) % Error of yield stress Instability (MPa) % Error of instability
Experiment 430.950 - 620.545 -
Ludwik 427.682 -0.758 654.238 +5.430
Hollomon 425.961 -1.158 647.177 +4.292
Swift 417.741 -3.065 652.073 +5.081
Ludwigson 430.221 -0.169 638.057 +2.822
Voce 441.947 +2.552 609.627 -1.759
ANN 430.642 +0.071 620.714 +0.027
2683-2688. Retrieved from https://doi.org/10.
700 — 1007/511665-017-2687-6
650 ERERIEE CAO, J., LI, F. Guo, MA, X. Kai, & SUN, Z. Kun. (2017).
6001 Tensile stress—strain behavior of metallic alloys.
T 5504 & Transactions of Nonferrous Metals Society of China
g 5004 £ (English Edition), 27(11), 2443-2453. Retrieved
‘% 450_,.:(/ lirom https://doi.org/10.1016/S1003-6326(17)60271-
§ 4004 — _ daldete) Celik, A., Efeoglu, 1., & Sakar, G. (2001). Microstructure and
& 350 ~O— Holloman - - -~ Hollomon structural behavior of ion-nitrided AISI 8620 steel.
300 - & Swift. o Swift Materials Characterization, 46(1), 39-44. Retrieved
g +7— Ludwigson Ludwigson R
2504 Ty S— Voce from https://doi.org/10.1016/S1044-5803(00)00091-
200 = 7AN!\J \ — ANN 7
000 004 008 012 016 020 Chun, M. S., Biglou, J., Lenard, J. G., & Kim, J. G. (1998).
True strain Using neural networks to predict parameters in the
hot working of aluminum alloys. Journal of
Figure 9. Instability determination of AISI 8620 steel Materials Processing Technology, 86(1-3), 245-

2. The modified and differential C-J analyses
exhibited identical results, illustrating two
deformation zones: zone | corresponded to the
deformation of constrained ferrite, and zone 11
corresponded to the concurrent deformation of
hardened ferrite.

3. Constitutive  models, namely  Ludwik,
Hollomon, Swift, Ludwigson, and Voce,
excellently predicted the flow stresses in the
range of uniform plastic deformation. ANN
model could accurately predict flow stresses for
all strains, even after instability.

4. Using Ludwik, Hollomon, Swift, Ludwigson,
and Voce models could determine yield stress
and instability with an acceptable error. The
ANN model accurately determined the yield
stress and instability.
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