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1. Introduction

In practical application, many engineering struc-
tures are subject to cyclic load and fatigue failure is a
common form of failure [1], which is also a famous tech-
nical problem. Most of the time, the maximal value of
cyclic load is far lower than the static strength of material.
So it is very important to study the fatigue life prediction
method.

In the past decades, many researchers have been
focused on the fatigue experiment and statistic analysis [2],
which is a general method of fatigue life prediction in en-
gineering. However, this method takes too much time and
sometimes the result is not satisfactory. So it is necessary
to find an easy and reliable method. Fatigue accumulation
damage theory [3, 4] is considered to be one of the most
effective methods for fatigue life prediction. Since 1988,
many kinds of fatigue damage models have been estab-
lished by researchers [5-7] and the damage mechanics
based method have been widely used in the engineering
application [8-11].

However, it is still difficult to predict the fatigue
life of notched specimen because a great number of factors
can affect the result. In high cycle fatigue, the prediction
accuracy often does not satisfy the design requirements
and there are many parameters in the damage evolution
law which are difficult to demarcate. Thus there exist dif-
ferences between the actual life of the material and the
theoretical one. The reason is complicated. On one hand,
the theoretical model has its own shortage. The estimation
of parameters and the expression of empirical formula
cannot satisfy all real situations. On the other hand, the
characteristics of material and conditions of environment,
hardware in experiment caused systematic error. It is not
enough to predict the actual life of material simply through
the traditional theoretical analysis.

Therefore, the continuum damage mechanics
based method with Hence the fuzzy neural network meth-
od is the fuzzy neural network method is proposed to solve
this problem and to obtain a more reliable life. Fuzzy neu-
ral network has demonstrated its superiority in pattern
recognition, intelligent control, prediction and other engi-
neering fields [12-14]. It has been proved theoretically that
the network consists of 3 layers (an input layer, a hidden
layer and an output layer) is able to approximate any non-
linear continuous function with any accuracy. In dealing
with complex problems, using NN method has the follow-
ing advantages: obtaining the implicit expression of

non-linear and non-smooth the relationship; good fault
tolerance and high forecasting accuracy; Strong ability of
association, memory and generalization. These characteris-
tics of the NN method makes it play an important role in
the modeling of the complex systems such as life predic-
tion [15]. XL Liao developed a NN model to forecast the
tensile fatigue life of carbon material [16]. Cecchi, A com-
bined the ANSYS and a fuzzy NN model to design the
mixed flow pump impeller blades [17]. DJ Armaghani
built an ICA-ANN model to predict the strength and elas-
ticity modulus of granite [18].

In this paper, according to the damage evolution
law of Lemaitre, a modified damage evolution model
combined with the fuzzy neural network method to predict
the fatigue life of notched specimen is proposed. Then the
method to obtain material parameters from the present
fatigue experimental data in the modified equation is pro-
posed. At last, the fatigue life prediction for notched plate
is conducted and the calculated results with the proposed
method are compared with the experimental results. Alt-
hough the life prediction after being modified may not be
accurate in every local region, the combination between
the theoretical method and the fuzzy neural network
method will obtain a more reliable material life in the
whole.

2. The modified damage evolution law
2.1. The modified initial damage threshold

In high cycle fatigue, as the stress level is not very
high, the materials or structure generally does not produce
plasticity deformation on the macro scale, which means no
damage appears. However, according to the damage ac-
cumulation theory of Lemaitre, the micro plasticity defor-
mation will generate as long as the stress exceeds the fa-
tigue limit of material, which will lead to the damage ac-
cumulation. Thus the damage accumulation can be meas-
ured by the threshold value of the cumulative micro plastic
von mises strain. Lemaitre [19] gives the following formu-
la:
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where p is the accumulated plastic strain; pp is the damage
threshold accumulated plastic strain; ¢ is the damage
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threshold plastic strains; oy is the ultimate stress; ot is fa-
tigue limit; 4o /2 is the stress amplitude and m is mate-

rial parameter.

However, there is a problem of Eq. (1) when
conducting the fatigue life prediction. In high cycle fa-
tigue, the stress amplitude is close to the fatigue limit, so

the term of (4o /2-o,) will change sharply as the

stress amplitude increase or decrease slightly, which will
lead to the great change of the predicted fatigue life and it
does not agree with the real situation.

In this paper, based on the fatigue experimental
data of LC4 plate, the expression of p is modified as fol-

lows:
< =
&
p p

Damage will initiate after a number of cycles NO
when the damage threshold p is reached on the micro scale.
There is then no micro damage as long as N < NO. Consid-
ering a periodic loading, we have:
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2.2. Simplified damage evolution equation

In high cycle fatigue, the stress-strain curve at two
sacles (meso scale and micro scale) is shown in Fig. 1 [19].
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Fig. 1 The stress-strain cycles at micro scale and at meso
scale

The thick line represents the stress strain curve at
meso scale, which means no macro plasticity produced.
The thin line represents the stress-strain curve at micro
scale.

In the micro stress-strain cycle, when the damage
is accumulated during the elastic-plastic period, Lemaitre
considers:

(4)

o, represents the fatigue limit. With

gls =oln, n=3G(@1-p), the expression of damage
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evolution law can be simplified as follows:
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In the lower branch of the cycle, the damage in-
crement is:
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Then the damage increment over one cycle is:
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5D 2((1+u)af—|S
SN 1| 3ES
X[ O ymec = Teqmin =1 |+ if Ty = 0(e.g.shear);
25 ©)
Q:5D1+5D2 = !
oN (2ES) 1
20
Xi\aeqmax _O-eqmin - f }[Rumln + ijax:|’ If Z"kk * O
Z:kk
Finally, we get:
SD _ 4@+v) [A+v)e? T
—_— X
ON 3E(1-p) 3ES
x[Aoy, -0, ], it X, =0; (10)
5D 2L+v)o? |—A 20, |
—_—_—— — X
SN 3E(1- B)(2ES)* DI J
><':Rumm + Rumax:|' If z"kk # O

For the uniaxial fatigue, >, =1, the damage evo-
lution equation becomes:
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Then the damage evolution equation for predic-
tion of notched specimen becomes:
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The number of cycles to failure ND under the cy-
cle loading is obtained by integrating Eq. (12).from D=0
(initial undamaged state) to Dc (macrocrack initiation).

So the total life of notched specimen is:

Np =N, +N,. (13)

3. Calibration of material parameters for LC4
aluminum

The static properties of LC4 aluminum can be
consulted from handbook [20] and the chemical composi-
tion and the mechanics properties are presented in Tables 1
and 2. In the modified damage evolution law, there are four
material parameters a, m, S, s need to be demarcated. First,
four sets of high cycle fatigue experimental data of stand-
ard specimens from handbook [20] are determined. Then
the least square method is used [21-22] and the optimum
values of these parameters can be obtained which are listed
in Table 3.

Table 1
Chemical composition of LC4 aluminum

The matlab procedure is conducted to predict the
fatigue life. The fatigue load, stress ratio and the calcula-
tion results under different stress level are shown in Ta-
ble 4. The fatigue experimental data of notched specimens
are from handbook [20]. From Table 4, we can see that
within the scope of wide stress ratio (-1~0.68), the maxi-
mum error between theoretical lives and experimental lives
is about 30%.

Table 4

Comparisons between experimental and numerical lives
Stre:ss O max s Exper}mental Numerical Error, %
ratio Mpa life results

-1 170 17910 20633 15.2

-1 130 50040 39732 20.6
-0.39 230 16250 15374 5.4
-0.33 210 24550 20299 17.3
-0.07 150 93130 65145 30.0

0 280 16850 17493 3.8
0.12 250 35000 27833 20.5
0.27 220 68410 52788 22.8
0.27 330 16740 16782 0.25
0.31 320 19360 19633 1.4
0.45 290 50000 36572 26.8
0.68 250 578200 462189 20.1

Cu Mg Zn Si Fe Cr Mn Al

160 | 212 | 6.70 | 0.14 | 0.34 | 0.13 | 0.28 | 88.69
Table 2
Static properties of LY7075T75 aluminum alloy material
E, GPa v ob, MPa os, MPa
73 0.33 549 494
Table 3
Material parameters of the modified damage law
a m S S
0.15 5.5695 12.639 11

4. The applicability validation of the proposed method

The geometric profile of the notched specimen for
verification of the modified damage law is shown in Fig. 2.
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Fig. 2 The geometric profile of notched specimen

On the basis of theoretical model, NN method is
adopted to modify and predict the real life of material. The
network structure is composed of 3 layers: input layer,
hidden layer and output layer, shown in Fig. 3. The input
layer is consisted of two dimension data: the stress radio
and the maximum stress (R,o,,, )- The output data is the

relative deviation between the theoretical life ~, and the

actual life N, expressedas N =(N,-Ng)/N,.
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Fig. 3 The structure of the BPNN model

The learning process is divided into two parts: the
data collection stage and the BPNN training stage. The
training data is obtained through lots of experiments. Un-
der a given radio R and the maximum stress o ,,, , we will

calculate the theoretical material life by the Eq. (13), and
measure the actual life Na by the experimental equipment.

The corresponding relative deviation N and the input
data will be recorded in the knowledge base. When the
experimental quantity is accumulated to a certain degree,
the data will be imported into the established neural net-
work for training. The input dimension i is 2, and the out-
put dimension o is 1. The neuron numbers h in the hidden
layer is estimated by 2 steps: (1) Calculating the value
range of h by the empirical formula shown in Eq. (14), in



which « is set as an integer between 1 to 10. (2) Choosing
the value of h corresponding to the local optimum predic-
tion effect by exhaustive method. After a number of at-
tempts and tests, the hidden dimension h is given as 12.

h=di+0+a.

The training set is randomly divided into 3 parts:
80% for training, 10% for test and 10% for verification.
There are no intersection between the training set and the
test set. The input data R and o,,, will be firstly being

standardized into interval (0, 1) before imported into the
hidden layer. The life prediction task has high requirements
both on the performance of interpolation and external ex-
pansion ability for the network model, so the effect of
standardization is better than normalization for data pre-
processing. The learning rate is set as 0.01, and the training
descent curve is shown in Fig. 4. After about 40 epoches of
iteration, the error will be reduced and converged to about
0.002.

(14)

Best Validation Performance is 0.0017967 at epoch 39
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Fig. 5 The regression result for training, test and verification

On the basis of data training, we will analysis the
regression relationship between the inputs and output. The
regression gradient slope which is more close to 1 means a
better fitting effect. The regression coefficient for training,
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test and verification all exceeds 0.90 and are shown in the
Fig. 5. The overall distribution of statistical points is rela-
tive disperse, but also can show the trend and the shape of
a straight line. Taking into consideration that the actual life
is influenced by the complicated factors(such as the mate-
rial property, the experiment condition, and the flawed
theoretical model), the regression result of the deviation
NN model is suitable and acceptable.

In a word, the framework of the material life pre-
diction model is given in the Fig. 6. The model consists of
two parts: the theoretical model for basic calculation and
the NN based deviation model for value modification.
Table 1 shows some experiment data for the verification
test. The theoretical values Ng, the modified values by NN
model Ne and the actual measurement values Na by ex-
periment are recorded in the list. The corresponding rela-
tive errors er and er are also counted and calculated, and
expressed as Eq. (15) shows.

N. - N
e = %xloo.O% . (15)

-N
—R A 100.0%, e =
NR

Model:

Fig. 6 The material life prediction model combined with
the modified damage law and the NN method

Table 5
The comparisons between NF and NR
Verification Test

R Omax Na Nr er, % Ne er, %
-1 170 | 17910 | 20633 131 18910 5.2
-1 130 | 50040 | 39732 | -25.9 | 45670 -9.5
-1 100 | 86260 | 71628 | -20.4 | 88960 3.0
-0.39 | 230 | 16250 | 15374 -5.6 15280 -6.3
-0.33 | 210 | 24550 | 20299 | -20.9 | 23220 -5.7
-0.22 | 180 | 46420 | 33086 | -40.3 | 41710 -11.2
-0.07 | 150 | 93130 | 65145 | -42.9 | 84270 -10.5
0 280 | 16850 | 17493 3.6 16840 -0.1
0.12 | 250 | 35000 | 27833 | -25.7 | 33110 -5.7
0.27 | 220 | 68410 | 52788 | -29.5 | 67300 -1.6
0.27 | 330 | 16740 | 16782 0.2 14150 -18.3
0.31 | 320 | 19360 | 19633 1.3 18440 -4.9
0.45 | 290 | 50000 | 36572 | -36.7 | 43350 -15.3
0.68 | 250 |578200 | 462189 | -25.1 | 594170 2.6
The relative error: eg o | £20.85 GZ : +7.12




As indicated in the Table 5, the average relative
error for eg is & 20.85%, while the average relative error
for er is & 7.12%. The statistic relationship between the
relative errors (eg, €a) and the inputs (R, omax) are shown in
Figs. 7, a and b respectively. The red region means a rela-
tive high error percent (exceeds +20%), while the blue
region means the error percent is less than +10%. Com-
pared with the simply use of the theoretical model, the
results after NN modified will be more close to the actual
values in whole, which means that the combination be-
tween the modified damage law with the fuzzy neural
network method can be effectively applied for fatigue live
prediction of notched specimen in high cycle fatigue.

Fig. 7 The statistic relationship between the relative errors
and the inputs predicting by two methods: a - the
relative error statistic simply by theoretical model;
b - he relative error statistic by theoretical model
and NN model

Fig. 7, a shows the results simply by the theoreti-
cal model; Fig. 7, b shows the results by the combination
model of modified damage law and NN method. The red
region means a relative high error percent (>+ 20%), while
the blue region means the error percent is less than + 10%.

5. Conclusions remarks

In this paper, we attempt to combine the damage
law with the neural network method to give a more reliable
material life in the whole. Some important conclusions are
summarized as follows:

(1) A modified damage law for fatigue life pre-
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diction of notched specimen in high cycle fatigue based on
the fatigue damage evolution equation of Lemaitre is pro-
posed. The predicted fatigue lives of notched specimens
tally with the fatigue experimental results.

(2) By using the least square method, material
parameters of damage evolution equation are demarcated
according to the fatigue experimental data of LC4 alumi-
num, and the practical validation of modified damage law
is conducted.

(3) On the basis of (1) and (2), the fuzzy neural
network method is adopted to optimize the theoretical
model. The trained BPNN model is able to effectively
correct the results calculated by the modified damage law.
Compared with the predicted results of theoretical model,
the combined method of modified damage law and fuzzy
neural network can predict the fatigue life with a less av-
erage relative error.
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Jiaying Gao, Peng Li, Qiuyang He

A MODIFIED DAMAGE LAW WITH THE FUZZY
NEURAL NETWORK METHOD FOR CRACK
INITIATION LIFE PREDICTION OF NOTCHED
SPECIMEN

Summary

It is difficult to predict the fatigue life of notched
specimen due to the complexity of notch effect. Based on
the continuum damage mechanics theory of Lemaitre,a
modified damage law for fatigue life prediction of notched
specimen combined with the fuzzy neural network method
is proposed to obtain a more reliable life. According to the
fatigue experimental data, the material parameters in the
damage evolution equation are demarcated. Then the fa-
tigue life prediction of notched specimen is conducted. At
last, after the stage pf experiment data collection and NN
training, the established NN model will be able to reduce
the relative error from 20.85% to about %7.12 in the veri-
fication test. Although the life prediction after being modi-
fied may not be accurate in every local region, the combi-
nation between the theoretical method and the fuzzy neural
network method will obtain a more reliable material life in
the whole.

Keywords: Modified damage law, Fuzzy neural network,
Crack initiation, Notched specimen, experimental verifica-
tion.
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