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Understanding crack growth behavior in engineering components subjected to cyclic fatigue loadings
is necessary for design and maintenance purpose. Fatigue crack growth (FCG) rate strongly depends
on the applied loading characteristics in a nonlinear manner, and when the mechanical loadings
combine with environmental attacks, this dependency will be more complicated. Since, the
experimental investigation of FCG behavior under various loading and environmental conditions is
time-consuming and expensive, applying a reliable methodology for prediction of this property is
essential. In this regard, a modeling technique based on least square support vector machine (LSSVM)
framework is employed for prediction of FCG behavior of three different alloys including, Ti-6A1-4V
alloy and two Cu-strengthened high strength low alloy (HSLA) steels in the air and corrosive media.
The parameters of the developed model were calculated employing the coupled simulated annealing
optimization technique. The performance and accuracy of the developed models were tested and
validated by their ability to predict the experimental data. Statistical error analyses indicated that the

developed model can satisfactorily represent the experimental data with high accuracy.

© Shiraz University, shiraz, Iran, 2019

1. Introduction

Fatigue life assessment of structural components
operating under fluctuating loads has a great significance
in the reliability of these components [1-3]. The
progressive damage induced by fatigue loading is
characterized by two steps of crack nucleation and crack
propagation [4]. Different theoretical models have been
proposed to describe the process of fatigue failure, which
can be categorized into the continuous damage
mechanics (CDM) and the fracture mechanics (FM)
approaches [1, 3, 5]. In the CDM approach, a damage
evolution rule is used along with a stress/strain criterion
to predict the damage accumulation, and nucleation of a
detectable crack in a structure [2, 4-6], while the FM
approach is suited for materials containing initial crack-
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like defect of known sizes and locations [5]. In this
method, the fatigue life is predicted by computing the
propagation of a pre-existing crack from an initial size to
a critical value, where instability occurs [2, 7]. The FM
method which relies on the fatigue crack growth (FCG)
is widely accepted and used for fatigue life predictions
in different engineering components [1-3]. Normally the
crack growth rate (Z—;) is related to the stress intensity
factor range (Ak), and the corresponding curve is known
as the FCG curve [3, 6, 8]. In the logarithmic scale, the
FCG curve can be divided into three regions, the near-
threshold region, the middle region which corresponds
to the stable crack growth, and unstable crack
propagation region just prior to final failure [9, 10].

The most famous equation used for the FCG curve

modeling was introduced by Paris and Erdogan in 1963.
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This empirical power law equation is only suited for the
intermediate region of the FCG curve, and assume a
linear behavior in the logarithmic scale [8, 9, 11].
However, the experimental investigations show that the
relationships between log(z—;) and log(Ak) are not linear
even in the intermediate region [10]. Moreover, it is
observed that the FCG curve is strongly influenced by
the stress ratio [9], which is ignored in Paris’ law. In the
literature, there are many empirical equations for the
prediction of the FCG rate by modifying the original
Paris’ law to take account of the influences of the stress
ratio, such as Walker’s law [3, 9-12]. However, these
modified models are only applicable for the intermediate
region of the FCG curve, and does not account for the
unstable crack growth regions. In order to describe the
whole regions of the crack growth curve, different
nonlinear relationships between the logarithm of the
crack growth rate and the logarithm of the stress
intensity factor range were proposed such as Forman’s
law, the hyperbolic sine law, sigmoidal equation, and
cubic polynomial approximation [10, 12]. It is clearly
indicated that the fatigue crack growth can also be
affected by the environment [ 10]. In addition to the stress
intensity factor range, and the stress ratio, in an
aggressive environment, the frequency of the applied
load, which represents the time for an environmental
attack, may also affect the rate of the crack growth [1,
10]. The above-mentioned models can be used for the
FCG in corrosive media by fitting the model predictions
to the experimental data for a given environment and
loading frequency [10]. However, due to the various
factors affecting the FCG behavior of materials, and
their interrelationships, there are not any general and
explicit formulas to describe the FCG behavior.
Alternatively, different machine learning algorithms,
which use statistical techniques and experimental data to
train the model, were employed in fatigue studies.
Pidaparti and Palakal [13] used a back-propagation
neural network method to model the FCG behavior of
AA7075 aluminum alloy under different types of aircraft
spectrum loadings. Mohanty et al [14] and Zhang et al
[15] utilized the artificial neural network (ANN) method
to model the fatigue crack propagation life for different
aluminum alloys. Wang et al [16] used three different

ANN algorithms, including extreme learning machine,
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radial basis function network and genetic algorithms to
optimize the back propagation network for the fatigue
crack growth calculations. The results indicate that the
applied model can successfully predict the nonlinearities
of the fatigue crack growth rate. Hong et al [17]
presented a support vector regression (SVR) method to
predict the fatigue life of laminated composite materials.
Song et al [18] applied the extended finite element
method (XFEM) and SVR to predict the fatigue life of a
plate structure. Mohanty et al [19] used the genetic
programming approach for the fatigue life prediction of
AA2024 aluminum alloy with reasonable accuracy.
However, there are only a few attempts at predicting the
environmental effects on the FCG behavior by applying
the ANN method. Cheng et al [20] proposed an ANN
model for the on-line corrosion fatigue crack growth
(CFCG) monitoring of an austenitic stainless steel in a
NaCl solution at the loading ratio of 0.3 and different
loading frequencies. Haque and Sudhakar [21] analyzed
the CFCG of a dual phase steel with various martensite
contents between 32 and 76%, in a 3.5% NaCl solution
using an ANN-based model. Although these modeling
results were found to be in good congruence with the
experimental data, the effects of different environments
and loading ratios on the CFCG were not considered.

Hence in the present study, for the first time, an
approach based on the least square version of the support
vector machine was designed to model the CFCG
behavior of Ti-6Al-4V alloy and two different types of
HSLA steels, when they are exposed to different cyclic
loadings in the environments containing different levels
of NaCl.

2. LSSVM Background and Modeling

The support vector machine (SVM) is a powerful
learning technique, extensively utilized for classification
and regression studies [22-29]. SVM-based models have
many advantages over the traditional ANN models. In
order to construct an ANN model, it is needed to set
various parameters such as the number of hidden layers
and nodes and the types of activation and training
functions, which are usually done in a trial and error

manner [30-34]. Also, the bias and weight terms of the
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ANN models are usually selected using a gradient-based
optimization technique which may converge to a local
minimum point instead of the global solution [30-34]. In
contrast to the ANN-based methods, the SVM models
have fewer adjustable parameters and usually converge
toward the global solution [26]. However, in the SVM
approach, a large-scale problem with nonlinear
programming should be solved [35]. In order to
overcome this difficulty, a modified version of the
standard SVM, known as LSSVM, was introduced
which uses linear programming instead of solving
quadratic problems [22, 36, 37]. In the LSSVM
formulation, the following function is used to predict the
output data (y;) from the input data points (xy, ).

Ve ={w,®(x)) + b k=1,...,N (1)

Where x;, stands for the input vectors, y, for scaler
output values, N is the number of input data set, <.,.>
represent dot product, @(x;) is the nonlinear function
that was used to map the input data from R™ into a space
with higher dimension, and b and w are bias term and
weight vector, respectively. To calculate the values of b
and w, the following objective function needs to be
minimized [35, 38]:

Lis_sym = % Iwll* + %VZL e — Yh=1 arlex +
w,o(x))Y+b—y.} k=1,...,N )

where, y, e, and a are regularization constant,
error variables, and Lagrange multipliers, respectively.
Differentiation of Eq. (2) with respect to w, b, ¢ and o,
leads to [35, 38]:

OLs_
TS = 0~ w =TI, @@ (x)

ow
aLL;;JSVM =0 > 21}¥=1 a, = 0
aLLas;:m =0 > ay=ve
T = 0 o (w,0(x)) +h e~y =0 ()

Eq. (3) can be rewritten as [35];

0 1% by _ [0

1y 0+ y‘llN] [a] B [Y] @)
where 1y = [1,...,1]7, Y = [y,,..., vy,
a=[ay,...,ay]”, Iy is the NxN identity matrix and 2

is the kernel matrix:

Qe =0)"®(x) Lk=1,...,N )
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3. Data Acquisition and Processing

3.1. Pre-processing

Experimental data reported for the CFCG behavior
of Ti-6Al1-4V alloy and two types of HSLA steels
(Table 1) were used in the present study [10, 39].

Table 1. Chemical composition of HSLA steels [39].

Steel C Mn Si Cr | Mo | Ni Cu

HSLA-80 | 0.05 | 1.00 | 0.34 | 0.61 | 0.51 | 1.77 | 1.23

HSLA-100 | 0.06 | 0.84 | 0.25 | 0.74 | 0.58 | 3.47 | 1.54

These data describe the CFCG behavior of the alloys
in environments with different concentrations of NaCl
(0-3.5 wt. %), under various stress ratios (0.1, 0.4, 0.5,
and 0.7) and loading frequencies (0.1, 1, 5, and 10 HZ).
For the modeling purpose, four independent variables,
including the stress intensity factor range (AK), NaCl
content, stress ratio (R) and loading frequency were
selected as input parameters and the CFCG rate was
taken as the target (output) variable. The experimental
data were divided into two datasets, including the
training set and the testing set. For this purpose, 2/3 of
the experimental data for each alloy were assigned to the
training set, and the remaining was applied to the testing
set. In order to have a better distribution of the data on
the problem domain, the data assignment process was
repeated several times.

3.2. Designing the LSSVM model for CFCG rate
prediction

To develop the LSSVM models to predict the CFCG
rate, the following relationship was assumed:

log(CFCG rate) = f(log(4K),R,Freq, NaCl%) (6)

During the computation, the radial basis function
(RBF) is used as a kernel function, which has the
following general form [40-42].

Dy = exp(— llx, — xlI*/0?) (7

Where o is a decision variable. In the LSSVM
modeling, 2 and y parameters are determined using the
optimization calculations. To do so, the mean square
error (MSE) between the desired and predicted output
values, as defined by Eq. (8), is considered as an
objective function.

MSE = %:(d; — p)* ®

Where, d and p are the target and predicted values,
respectively.
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4. Results and Disscusion

The values of the LSSVM parameters, including y
and o2, were determined by employing the coupled
simulated annealing (CSA) [43] technique, and the
optimized values are presented in table 2. Simulated
annealing (SA) is a probabilistic optimization method
inspired by the thermodynamic annealing process of

metals.

Table 2. Values of LSSVM parameters determined by CSA
optimization method.

Parameter | Ti-6Al-4V HSLA-80 HSLA-100

a? 0.1029 3.0221 1.8701

y 1.64 x 10* | 1.056 x 10* |  722.86

SA technique is widely used in the optimization
problems, due to its ability to find the global optimum.
However, this optimizer is very sensitive to the
initialization parameters, which needs the evaluation of
the cost function for several times. In order to reduce the
sensitivity of the SA method to the initialization
condition, the CSA optimization method was introduced
[43]. In CSA, several SA optimizers work together and
the information of the current state energy of each
optimizer is exchanged with others, which results in a
global optimization technique with low sensitivity to the
initialization parameters. More detailed discussions
about the CSA are reported in [43]. In Figs. 1 through 3,
the effects of the stress ratio (R- ratio) on the FCG rate
in the air and corrosive media are depicted for Ti-6Al-
4V, HSLA-80, and HSLA-100 alloys, respectively. In
these figures, the experimental data (symbols) which
have been obtained from the published literature [10,
39], are presented along with the corresponding LSSVM

model predictions (solid lines).
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Fig. 1. The effect of stress ratio on FCG behavior of Ti-6Al-
4V alloy at different environments (a) air (b) 1% NaCl
solution ( symbols: experimental data [10]; solid lines:

LSSVM predictions).
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Fig. 2. The effect of stress ratio on FCG behavior of HSLA-
80 alloy at different environments (a) air (b) 3.5 % NaCl
solution (symbols: experimental data [39]; solid lines:
LSSVM predictions).
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Fig. 3. The effect of stress ratio on FCG behavior of HSLA-
100 alloy at different environments (a) air (b) 3.5 % NaCl
solution (symbols: experimental data [39]; solid lines:
LSSVM predictions).
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As could be seen from Figs. 1-3, the FCG rate at a
given stress ratio is enhanced by exposing the samples
to the corrosive media. Also, it is evident that by
increasing the R-ratio the FCG rate is increased in
both air and corrosive media. This behavior was
rationalized by the increased crack closure observed
at low R-ratios [39, 44, 45]. In the presence of the crack
closure, the crack growth rate is governed by the
effective stress intensity factor range (4K.pr =
Kinax — Kopen) instead of AK = K4 — Kipin, Where
Kopen has higher values than K;,,. However, at higher
R-ratios, the crack closure effects disappear; hence the
FCG rate at higher R-ratios is expected to be higher than
that of lower R-ratios. By increasing the R-ratios, the
increment in the FCG rates, is more pronounced for the
samples placed in the corrosive environment than the
samples tested in the air. This observation is
rationalized by the increased effects of the crack
closure in the corrosive media. According to Figs. 1-3,
the proposed model can well predict the nonlinear
nature of the FCG curve at different stress ratios and
environmental conditions. In Figs. 4 and 5, the
influences of the test frequency on the CFCG rate for
Ti-6Al1-4V, and HSLA steels are depicted,

respectively.

da/dN (mm/cycle)

1 10 10
AK (MPa vmm)

Fig. 4. The effect of load frequencies on FCG behavior of Ti-
6Al1-4V alloy at 3.5 % NaCl solution ( symbols: experimental
data [10]; solid lines: model predictions).
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Fig. 5. The effect of load frequencies on FCG behavior in 3.5
% NaCl solution, for (a) HSLA-80, and (b) HSLA-100 alloy
( symbols: experimental data [39]; solid lines: model
predictions).

According to Figs. 4 and 5, the CFCG rate will
change significantly with the loading frequency. As seen
in these figures, there is a critical value for AK in which
by decreasing the frequency, the CFCG rate decreases
below this limit, and increases above it. This behavior
can be related to a possible change in the crack growth
mechanism by making changes in the loading frequency
and AK values [39]. Hence the prediction of the CFCG
behavior is a relatively difficult task. As obviously seen
in Figs. 4 and 5, the developed model can successfully
predict the CFCG behavior of the alloys considered here
at different loading frequencies. Tables 3-5 indicate the
statistical parameters of the proposed LSSVM model to
predict the corrosion—fatigue behavior of the alloys in
the air and corrosive (NaCl solution) environment.

These statistical parameters include average relative
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deviation (ARD), average absolute relative deviation
(AARD), and root mean square error (RMSE), as
defined bellow;

100 YAexp_Y‘p‘red

ARD % =—-%, (Y—,,) ©)
exp_ lpred
AaRD 9% = 207 (it ) (10)
i

1

1‘\]_ y‘exp_ylpred 2\ 2
RMSE=<Z—1_1(1 - )> (n

Table 3. The statistical parameters of the proposed LSSVM
model for Ti-6Al-4V alloy.

Values
P —
arameters Training Test sot o
set
Average relative
deviation, % -0.45 -0.80 -0.44
Average absolute 6.29 8.4 o7

relative deviation , %

Root mean square 9.25 % 10-6| 3.6 x 10-5 2.26 .
error X 10
Numbe}” of data 272 146 418
points

Table 4. The statistical parameters of the proposed LSSVM
model for HSLA-80 alloy.

Values
Parameters .
Training set | Test set Total
Average relative
deviation, % -0.14 -0.064 -0.11
Average absolute 389 4.44 4.08
relative deviation , % ’ ’
Root mean square 6 3.87 4.36
error 46x10 x 107° x 107°
Number of data points 298 160 458

Table 5. The statistical parameters of the proposed LSSVM
model for HSLA-100 alloy.

Values
P —
arameters Training Test set Total
set
Average relative
deviation, % -0.12 -0.69 -0.38
Average absolute
relative deviation , % 3.64 179 1.97
Root mean square 2.88 4.68 3.61
error x 107 x 107¢ x 107
Numbey of data 265 143 208
points
April 2019
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where YL-eXp and Yimed are the experimental data and
the corresponding predicted values. According to these
tables, the developed model can predict the corrosion—
fatigue behavior of the considered alloys with a very low
prediction error. For a better illustration of the degree of
the agreement between the predicted values by the
LSSVM models and the experimental data, the model’s
results for each alloy are plotted against the experimental
(target) data in Figs. 6-8. From these figures, all the data
points lie tightly around the 45° line which indicates the

accuracy and robustness of the developed models.
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5. Conclusions

The present study focused on the application of the
LSSVM intelligent modeling approach for accurate
prediction of the FCG rate of three different alloys, Ti-
6Al-4V, and two HSLA steels, in the air and corrosive
environments. The experimental data reported in the
published literature were used to construct the model.
The parameters of the developed model were optimized
using the coupled simulated annealing method. The
proposed LSSVM method was successfully employed to
predict the corrosion-fatigue crack growth behavior of
the alloys at different loading frequencies and stress
ratios. The performance and usefulness of the LSSVM
modeling approach to estimate the fatigue crack growth
rate were shown by various statistical parameters, and
graphical evaluations, which indicates that there is high
accordance between the experimental data and the
predicted results.
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