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ABSTRACT

Besides stress, the fatigue failure of part is also
affected by the fatigue strength of materials.
Therefore, it is necessary to predict the fatigue
strength of materials before analyzing fatigue life.
Considering the factors with uncertainty that affect
the fatigue strength, the modified factors of fatigue
are determined, and the stochastic fatigue strength is
predicted. Among them, the distribution type and
parameters of roughness factor are analyzed by
improving Bootstrap method, which provides a
method to analyze small samples. Moreover, the S-N
curve cluster that characterizes the fatigue property is
obtained, which provides a basis for fatigue life
prediction.

INTRODUCTION

Recently the fatigue failure of mechanical
components has been gradually analyzed (Li, et al.,
2019; Zhu, et al., 2019, Wang, et al., 2017 and Liu et
al., 2020). Based on life distribution of multifailure
modes was described by Bayes clustering, the
relationship between distribution parameters and
stress was established, and the ultimately unified
probabilistic S-N curve was modeled (Wang, et al.,
2018). The fatigue failure is not only related to the
stress, but also depends on the fatigue strength of
material (Tasi, et al., 2015, Wang et al., 2021 and Liu,
et al., 2022). Therefore, only by predicting the fatigue
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strength of parts be better predicted (Zeng, et al.,
2015). Leuders et al. (2015) predicted the fatigue
strength for Titanium alloy and optimized the
prediction accuracy. Instead of the common fatigue
test, Wu et al. (2013) performed the HV test to
predict the fatigue strength of FCC metal.
Considering the effect of residual stress (Park, et al.,
2014), surface treatment (Guagliano, et al., 2004;
Sakamoto, et al., 2015 and Luo, et al., 2018) and
harness on fatigue performance, Yuan and Li (2017)
proposed a new model for fatigue strength prediction.
In addition, Wu et al. (2016) proposed an indirect
probability model to evaluate reliability of
multi-body mechanisms. And Liu et al. (2021)
proposed a dynamic reliability model with mixed
uncertain parameters based on the uncertainty of
parameters in structural dynamic reliability analysis.
Other researches of fatigue can be studied by Wang
et al. (2019) and Mossaab et al. (2019).

Though the goodness-of-fit Chi-square test
(Temme, et al., 2015), moment estimation (Zhao, et
al., 2016) and maximize likelihood estimation
(Coretto, et al., 2011) have been widely used in
statistical inference, they are not applicable for that of
small sample data. Due to the limitation of data
observation, parameter estimation of small sample
has been increasingly studied in many fields, such as
national defense, environment and healthy (Hansen,
et al., 2007) by methods of Bayes (Cumming, et al.,
2009), Bootstrap (Dwivedi, et al., 2017) and Monte
Carlo (Votechovsky, et al., 2009 and Vofechovsky, et
al., 2012). For Bootstrap proposed by Efron (1979),
repeated sampling is continuously operated to convert
small sample into large sample. Bootstrap is
relatively efficient for parameter estimation of small
sample, but inevitably there exists an error because
the sample parameter is used to replace the original
parameter for each sampling (Fu, et al., 2005 and
Dwivedi, et al., 2017). To reduce the error, the
original sample size needs to be expanded (Wang, et
al., 2019 and Zhang, et al., 2018). Ge et al. (2021)
introduced the error circle to evaluate fisheye size,
and discussed the influencing factors of fatigue
strength. Therefore, this paper proposes that the
original sample is expanded using normal distribution
before the estimation by Bootstrap.

-229-



This paper mainly discusses the prediction of
stochastic fatigue strength for low alloy steel AISI
8630M, and that is organized as follows. In section 2,
quantitative model of fatigue strength affected by
mechanical behavior of materials is established. In
section 3, various fatigue modified factors that affect
the fatigue strength are determined considering the
different working conditions for wheel hub. In section
4, the distribution characteristic of fatigue strength is
analyzed, and then the S-N curve cluster that describe
the fatigue properties are obtained. Finally, in section
5, the conclusions are summarized.

THE QUANTITATIVE MODEL OF
FATIGUE STRENGTH

In practical engineering, the fatigue strength of
structures is affected by many uncertain factors, such
as geometric size, material properties, load and
temperature. So the fatigue strength is also an
uncertain variable. Currently, fatigue test is used to
study the fatigue characteristics of low alloy steel,
and fatigue test data of AISI 8630M low alloy steel
are selected to predict fatigue strength of wheel hub
(Wormsen, et al., 2015).

Mischke (1987) and Nisbett-Budynas (2006)
proposed a method for the prediction of stochastic
fatigue strength. Then the relationships between the
fatigue limits of sample, actual part and the tensile
strength are shown as:

Se = #d, Sut (1)
Se =0Syt (2)
pq, =0.440d, 011331, 0.146) (3)

where sg is the fatigue limit of sample, s, is the
actual part, sy is the tensile strength and ¢q_ is the
proportional coefficient for the sample diameter of
dg -

In this paper, the sample diameter is taken as
dg =8mm=0.315in and S, =771MPa=110.143kpsi.
According to Eq. (3) and (1), ¢4, and Sg can be
obtained as ¢y =0.502(1, 0.146)=(0.502, 0.073),
S¢ =55.292(1, 0.146) = (55.292, 8.073)kpsi. Then the
mean and standard deviation of ¢4 and s; are
expanded to the intervals under the interval level of
n =5% and 1y, =0.5%, respectively. Therefore,
nog, =[0.477, 0.527], g, =[0.069, 0.077],
ns; =[55.016, 55.568], 45, =[8.033, 8.113].

The factors of affecting fatigue strength was
introduced by Marin (1962), that mainly includes the
chemical composition, dimension, heat treatment,
stress concentration, machined surface, temperature
and loading. Shigley et al. (1983) put forward a

method to quantify the factors that affect the fatigue
strength, and formulated the relationship between the
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fatigue limit of sample and actual part as follows:

Se =kakpkckgkekySe (4)
where kr, ka, kp, ko, kg and ke are modified
factors that characterize the effect of roughness,
surface, dimension, loading, temperature and

miscellaneous effect roughness on the fatigue
strength.

DETERMINATION OF FATIGUE
MODIFIED FACTORS

Roughness Factor

In mathematical statistics and engineering
research, the type and parameter of the overall
distribution can be deduced by statistics inference,
and includes hypothesis testing and parameter
estimation. Then small sample fatigue test data of
AISI 8630M is analyzed to obtain the distribution
type and parameters.
Non-parametrical Hypothesis Testing of Small
Sample Data

At present, the fatigue properties of different
materials were studied by many researchers via
fatigue test (Chen, et al., 2018 and Liu, et al., 2010).
And the fatigue test of low alloy steel was introduced
by Wormsen et al. (2015), which included the
operation process, sample selection and loading stress,
as well as obtained the test data of different low alloy
steel. In this paper, the fatigue test data of AISI
8630M under pulsating cyclic load shown in Table 1
is selected to predict the fatigue strength of wheel
hub.

Table 1. The fatigue test data of AISI 8630M
(Wormsen, et al., 2015)

Sample Roughness Max. Min.
No R Stress Smax  Stress Smax Sycles
) 2 (MPa) (MPa)
U1 3.4 400 -400 17763
U2 3.3 375 -375 472044
U3 3.2 375 -375 282400
U39 3.1 375 -375 253600
u40 31 400 -400 55958
u41 3.2 375 -375 223224
u42 3.2 375 -375 199337
u43 3.3 363 -363 151781
u44 3.3 363 -363 232133
u45 3.4 363 -363 166092
u46 3.4 350 -350 187233
u47 35 350 -350 200719
U48 35 350 -350 281634

The Goodness-of-fit Chi-square test is widely
used in the non-parametrical hypothesis testing. And
due to the deviation level between the actual and
theoretical distribution is increased, it cannot be well
applied to small sample data. Fisher (1922) proposed
the exact probability method to well solve the
hypothesis testing of small sample data. The test can

be mainly carried out as: (1) The test statistic 2 is
firstly calculated by the Goodness-of-fit Chi-square
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test. (2) The all combinations that satisfy
A+A+..+A,=n are listed by exhaustive method

and then the chi-square ,? of each combination is

i
calculated, where the combination number is

K=(n+m+1)!/n!/(m-1)! and m is the divided interval
number. (3) The probability of each combination P,

m m
is also calculated as P,zn!Hn'jAj /HAJ-! , and
j=L j=L
K
ZP, =1. (4) Finally, the exact probability P, can
i=1
be obtained by summing up the probability R that
satisfies 2> 2. If P,>0.05, there is no significant
difference and the original hypothesis Hy is

acceptable. That is, the variable X follows a certain
hypothetical distribution.

The exact probability method can be used to
test whether the sample roughness R, follows the

normal distribution. And the original hypothesis can
be shown as follows:

)

The calculation results of ;2 sample value are
shown in Table 2.

R, — i R, —
Ho : F(Rq) = o2 B); HiiF(Ra) %ol 2 =

Table 2. The calculation results of 2 sample value

Actual Probability

i f estimation Excepted

i Interval reqtj;ancy iy frequency np;
I 1

1 (-0, 3.3) 5 0.5 6.5

2 [3.3,3.4] 3 0.2794 3.6322

3 (3.4, +o0) 5 0.2206 2.8678

3 a2
And the test statistic 2 = Z%: 2.4015 .
i-1 :

The sample number n=13 and the number of
divided interval m=3, so the combination number that
3

satisfies ) vi=13 is K=(n+m-1)Un!/(m-1)!=105.
i=1
Then the chi-square x? and probability R of each
combination can be calculated as follows:
5 (1—-65)° (v2-36322)% (vjg—2.8678)°
"T85 36322 28678 ®)
B = nl(0.5"110.2794"120.2206"2 ) / vj !vj 2 vig! (6)
After the chi-square ,? and probability p
of 105 combinations are calculated, the probability
P that satisfies ,?>,2 are summed up and then
the exact probability P, =0.36238>0.05. Therefore,
Ho is acceptable. And the roughness R, follows
the normal distribution.

Parameter Estimation of Small Sample Data
To analyze the distribution characteristic of
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R, , the distribution type and the parameters need to

be determined. For the large and small sample data,
there are corresponding method to estimate the
parameter. In this paper, the point estimation and
interval estimation of .z are carried out and

compared by maximum likelihood estimation (MLE)
method and modified Bootstrap method, respectively.
For the variable R, that follows the normal

distribution, the point estimation of mean .z by

MLE can be given as Eq. (7). If the standard
deviation o is unknown, the confidence interval

of ug, under the confidence level of 1-4 can be

obtained as Eq. (8) and (9). The estimation results are
shown in Table 3.

,‘AIRa = ﬁal (7)
(Ra _%tl—ﬁlz(n—l)» Ra +%t17ﬁ/z(n—l)) (8)
n
1 —
S_JE(;Rgi _nRaz) (9)
i=

where Ra (=1, 2,..., 13) is the sample data, R, is
the mean of sample data and S is the sample standard
deviation.

Different with the MLE method, the Bootstrap
method is more suitable for parameter estimation of
small sample data, which was proposed by Efron
(1979). Essentially the Bootstrap is to convert the
small sample into large sample by continuously
sampling from the sample data, and the size of small
sample data is n<30 ( Sheng, et al., 2008). After
each sampling, the parameter of sample data can be
replaced by the parameter estimation of sub sample
data. In this paper, the sampling number N is selected
as 10000. The point estimation and confidence
interval of #r, are shown in Table 3.

Unfortunately, the parameter replacing with
repeated sampling could inevitably lead to errors by
Bootstrap. To reduce the errors, the original sample
data is expanded using normal distribution before the
parameter estimation by Bootstrap.

The each sample data Ry (i=1, 2,..., 13) is
firstly expanded to the interval [R,i(l-a), Ryi(l+a)]

under different significance level of «=0.1%, 0.2%,
0.5%, 1%, 2%, 5%, and then R, is taken as the

center to generate some data according to normal
distribution Ny, s?) in this interval. Assuming
that the each sample data R, is expanded in the

confidence interval under the confidence level of
1- p =95%, the Eq. (10) is established as follows:

[Rai (1), Raj 1+ )] =[x —u1_p/ 207, i +u_pg/20i]  (10)

And if 4 =Ry , then
Raie=U_p/20i , S0 Oi = Raja/Uy_g;5 = Ry /0.96

After expanding the each sample data, the

there exists that



Bootstrap method is adopted to determine the point
estimation and confidence interval of uRa. The
parameter distribution diagrams of xRa at significance
level 0=0.1% is shown in Fig.1. And the parameter
distribution diagrams of uRa at other significance
level are similar to Fig. 1. Then the point estimation
and confidence interval are shown in Table 3.

3285 329 3205 33 3305 331 3315

Fig. 1. Parameter distribution diagrams of uRa at
0=0.1%

Table 3. Point estimation and confidence interval of
1R, at significance level
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and expectation gradually increase. Moreover, the
confidence interval lengths of #r, and #, increase
under the same confidence level, that is, the interval
estimation accuracy of #r, and k. decreases.

Table 4 Point estimation and confidence interval of
w, at different significance level a

Point Estimation

¢ ESthnaﬁ' Exp_)gtr:]tati Error C?r?tfei?\?glce Ilféirgvtil

i 08556  0.8556 0 %{f;é;g& 0.002700
Boowe  0gs56 08556 0 (g_és:é:g(% 0.002300
@=0.1% 0855569  0.8556  0.00003L %)885'5’55;;3 0.000241
@=02% 0855561  0.8556  0.000039 (8135555&3327) 0.000245
@=05% 0855489 08556  0.000111 %’:55563577) 0.000310
@=1.0% 0855783  0.8556  0.000188 g:g’ggg‘;’ 0.000485
@=2.0% 0855774  0.8556  0.000174 ((;)55(3523()5(?) 0.000841
a=5.0% 0856247  0.8556  0.000647 %’:57522733 0.002036

Point Estimation

— Confidence Interval
¢ Bstimati-  Expec Error Interval Length
on -tation

e 33 33 0 f;;fgé’(% 0.163600
Boowuep 33007 33 0.0007 (33"3263;’;(?(% 0.138400
a=0.1% 3299939 3.3 0.000061 (3332(?63;0507) 0.013643
«=0.2% 3300378 33  0.000378 (3332(?73;35‘3 0.013809
a=05% 3209273 33  0.000727 (333,2(?6232; :)' 0.014120
a=1.0% 3301152 33 0.001152 (3332(?519775 0.014196
@=2.0% 3298713 33  0.001287 (3332(?51851127) 0.014295
a=5.0% 3207075 33 0002925 (3332(?59109275) 0.016172

According to Ref. (Wormsen, et al., 2015), the
roughness factor kr can be used to characterize the
surface roughness of material (Liu et al., 2021), and it
can be calculated as follows:

kr =1—o.22|g(4Ra)|g(%) (11)
where Ra is the roughness, Syt is the tensile
strength. In this paper, Syt is taken as 771MPa for
the low alloy steel AISI 8630M (Wormsen, et al.,
2015).

According to the sample data of roughness Ra
in Table 1 and Eq. (11), the sample data of roughness
factor k; can be obtained. Similar to the research
method for Ry in above, k. also follows the
normal distribution, and the point estimation and
confidence interval of w, by different methods are
shown in Table 4.

As shown in Table 3 and 4, with the increase of
significance level «, the errors between estimation

Comprehensively considering the interval
estimation results of Ry and k., the significance
level can be taken as «=0.1%. Therefore, the
confidence intervals of Ry and k. under the
confidence level of 0.95 are (3.293157, 3.306800)
and (0.855448, 0.855689), respectively. Comparing
the confidence interval lengths by MLE method,
Bootstrap method and the method of expanding
sample data using the normal distribution, the interval
estimation accuracy is effectively improved by
91.07% and 89.52%, respectively.

The point estimation of roughness coefficient
ke is 0.855569, and the confidence interval under the
confidence level of 0.95 is (0.855448, 0.855689).
Similar to the research method in above, 0.855569 is
taken as the center to generate some data in the
interval (0.855448, 0.855689) according to the
normal distribution, and then the mean and standard
deviation are estimated as 0.85557 and 0.000050 by
MLE. That is, kr=(0.85557, 0.000050)=0.85557(1,
0.000058). Similarly, the mean and standard
deviation are expanded to the intervals under the
interval level of y,=05% , so wu, =[0.85129,

0.85985], ok, =[0.000049, 0.000051].
Surface Modified Factor

The determination of surface modified factor
ka depends on the processing method of sample
surface and the tensile strength of material. For the
deterministic variable, the relationship between kj

and Sy can be shown as follows:

ky =asd (12)
where a and b are constants, the determination
method of which is shown in Table 5

(Budynas-Nisbett, 2006). In this paper, the sample
surface is processed by machined, so a=2.70 >
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b=-0.265.

For the uncertain variable, k, can be
calculated as  k, =2.70(1,0.060)S;>?%°  =0.776(1,
0.060)=(0.776, 0.047) (Budynas-Nisbett, 2006).

Similarly, the mean and standard deviation are
expanded to the intervals under the interval level of
1n=5%,80 s =[0.737,0.815], o, =[0.045, 0.049].

Table 5. The method of determining a and b
(Budynas-Nisbett, 2006)

Surface Processing a

Method Sut (Kpsi) Sut (MPa) b
Ground 1.34 1.58 -0.085
Machined/Cold-Drawn 2.70 451 -0.265
Hot-Rolled 14.4 57.7 -0.718
As-Forged 39.9 372 -0.995

Dimension Modified Factor

The determination of dimension modified
factor k, mainly depends on the type of loading that
the part bears (Mischke, 1987), and which is shown
as Eqg. (13).

-0.1133
o = {ido/o.a) (13)

kg =0.975+0.432(103)Tg —0.115(102)TZ +
0.104(10"8)T2 - 059510 12)T#

Generally the temperature of wheel hub is
65°C , that is, T =149°F . According to Eq. (15), the
temperature modified factor is obtained as kg =1.017.
kq is expanded to the interval under the interval
level of y,=0.5%, so kg =[1.012, 1.022].
Miscellaneous Effect Modified Factor

The miscellaneous effect on fatigue strength
mainly including the residual stress, corrosion,
electroplating, shot peening, case hardening and cold
rolling. The fatigue strength is increased by the
residual compressive stress and reduced by the
residual tensile stress. Moreover, the fatigue strength
can be improved by shot peening. In this paper, the
effect of miscellaneous effect on fatigue strength is
not considered. Therefore, the miscellaneous effect
modified factor k, =1.

In summary, the each modified factors that
affect the fatigue strength are determined in Table 6.

(15)

Table 6. Each modified factors that affect the
fatigue strength

where do is the sample diameter.

The wheel hub is mainly subjected to bending

Ka K k. Ka k. kr
0.776(1, 0587(1, 0.85557(1,
0060) 09 gz 1O 1 0.000058)

and torsion loading, so k,=(0.315/0.3)-0.1133=0.994.
Then kp is expanded to the interval under the interval
level of y,=0.5%, that is k,=[0.989, 0.999].
Loading Modified Factor

The determination of loading modified factor
ke also mainly depends on the type of loading that
the part bears (Mischke, 1987). For the deterministic
variable, k; can be determined as follows:

x0)
ke = (ﬂax/‘ﬂdo (14)
ot/ od,
where ¢ax and ¢ are the proper factors in

equation Se=¢Sy for axial and torsion loading,
respectively, and ¢ax =0.390(1, 0.310), ¢ =0.295(1,
0.269) (Mischke, 1987), ¢d,=0.502(1, 0.146).

And the wheel hub is mainly subjected to
bending and torsion loading, so k¢ =t/¢q, =0.587(1,
0.123)=(0.587, 0.072). Similarly, the mean and
standard deviation are expanded to the intervals
under the interval level of »=5%, so u, =[0.558,
0.616], ok, =[0.068, 0.076].

Temperature Modified Factor

The effect of temperature on fatigue strength is
shown that the fatigue strength decreases with the
increase of temperature and increases with the
decrease of temperature. When the service

temperature  70°F <Tp <1000°F , the temperature
modified factor kq can be determined as follows:
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According to Eq. (1), (4) and (14), the fatigue

limit of actual part Se can be converted as follows:
Se = KakpKakretSut (16)
According to the modified factors in Table 6,
the coefficient of variation Cs, can be obtained as
Eg. (17), and then the mean s, and standard

deviation s, can be obtained as Eq. (18) and (19).

Cs, =4C2 +CZ +C2 =0.276 (17)

€ a c 23
1S, = Bk, Hig i, Bk, Mg, Sut = 25.489Kpsi (18)
o, =s,Cs, =7.035Kpsi (19)

Therefore, Se =(25.489, 7.035)=25.489(1,

0.276)kpsi. The mean and standard deviation are
expanded to the intervals under the interval level

0f 12=0.5%, so us, =[25.362, 25.616], os, =[6.990,
7.060].

FATIGUE STRENGTH PREDICTION
OF WHEEL-HUB

The fatigue modified factors are determined,
then the fatigue limit of wheel hub has been analyzed.
For an actual part, the fatigue strength can be written
as follows (Budynas-Nisbett, 2006):

S¢ =cNd (20)



oo (f8w)’
Se (21)
_ 1S
d=-3lh

where ¢ and d are constants, S; is the fatigue
strength of wheel hub, s, is the tensile strength,
Se Is the fatigue limit of wheel hub, f is the ratio of
the sample fatigue strength (sf),,: and tensile
strength S, under the cycle number N=103,

The determination of f can be carried out by
two methods, which are shown as follows:
(1) For the tensile strength s, <490MPa (70kpsi),

f=0.9; For 490MPa (70kpsi) <S,;< 1400MPa

(200kpsi), f can be obtained according to Fig.2
(Budynas-Nisbett,  2006). In  this  paper,
Syt =771MPa=110.143kpsi, so f=0.829.

(2) When s, =771MPa=110.143kpsi, the plastic
stress  of =S, +50 =160.143kpsi (Budynas-Nisbett,

2006). For the deterministic variable, the fatigue limit
of sample s;=05S; =385.5MPa=55.072kpsi, so

d=_M9CE/Se) — 9074 and
1g(2Ne)

f = 9F (2.10%) =0.828.
Sut

Ne=10% . Therefore,

0y

nR

T0 &0 o0 100 110 120 130 140 150 160 170 180 190 200
8, kpsi

Fig. 2. The change curve of f

According to Eq. (21), the mean and standard
deviation of ¢ can be obtained as follows:

s = (1840)? 1 s, =327.092kpsi (22)
0 = (18y) -~ = 90.278kpsi (23)
ﬂse

So ¢=(327.092, 90.278)=327.092(1, 0.276)Kpsi.
The mean and standard deviation are expanded to the
intervals under the interval level of y, =0.5%, so
uc =[325.457, 328.727], o, =[89.699, 90.601].

To obtain the mean and standard deviation of d,

let e=% J d=—%|ge, the mean and standard
e

deviation of e are obtained as follows:

e = Syt /g, =3.582 (24)
0o = fSyt 3= 0.989 (25)
Hg

e
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According to the definition of expectation and
variance, the mean and standard deviation of d can be
calculated as follows:

(x-3.582)°
E(d):rw(—llgx)- L o 20989 gx- 0181 (26)
3 098927

o | bess?
E(d? =I _Zlgx)?. e 20989° §x=0035(27
(d°) 700(39) 0.98942n (27)
D(d) = E(d?) -[E(d)]? =0.002 (28)
o4 =4/D(d) =0.045 (29)

So d=(-0.181, 0.045)=0.181(-1, 0.249). The
mean and standard deviation are expanded to the
intervals under the interval level of » =5%, so
ug =[-0.190, -0.172], &4 =[0.043, 0.047].

After determining the mean and standard
deviation, it is also necessary to analyze the
distribution type of ¢ and d. As shown previously,
Se~N (25.489, 7.0352), the interval for probability of

0.95 can be obtained as
[,use —Up.97505s, , 1, +U0.g75ose] :[11700, 39278], and

then 1000 sample data are generated randomly in this
interval. According to Eq. (21), 1000 sample data of c
are also obtained and the histogram is shown in Fig.3.

As shown in Fig.3, the sample data of ¢ shows
the unimodality, which can be described by the
normal, skewed, student and hyperbolic secant
distributions, respectively, and then the Cramer-Von
Mises statistic is adopted to test the fitting effect of
each distribution. The distribution parameter
estimations and probability density functions of
sample data of ¢ under different distribution models
are shown in Table 7 and Fig. 3.

Table 7. Distribution parameter estimations of sample

data of ¢
Distribution
Model 0 02 Os Wa' P
Normal 360.098  100.652 - 3511 5.637x10°
Skewed 231529 163.282 12.232 0.247 0.192
Student t 345.919 81.260 5.318 1.314 0.0005
Hyperbolic 543345 102513 - 1288 0.0005
secant
Probability
0.005}
0‘004‘
00037 \ \ : g::m::;‘:g:;mw:r\IWUa]
N — StudentTDistribution[y, o, v]

— SechDistribution[y, 0]

0001/ | ‘ b

a0 400  so0 600 700 ©

Fig. 3 Probability density functions of sample data of
c under different distribution models

As shown in Table 7, the statistic w2 for

skewed distribution is minimum and p=0.192>0.05,
so the fitting effect of skewed distribution is better.
Besides, the fitting effect of different distribution
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model can be tested by p-p diagrams in Fig. 4-Fig. 7.

‘Theoritical Cumulative Distribution
\

0 02 04 06 08 1

Empirical Cumulative Distribution

Fig. 4. p-p diagrams of sample data of ¢ under normal
distribution

o 02 04 06 08 1

Empirical Cumulative Distribution

Fig. 5. p-p diagrams of sample data of ¢ under
skewed distribution

Theoritical Cumulative Distribution
N

0 02 04 06 08 1

Empirical Cumulative Distribution

Fig. 6. p-p diagrams of sample data of ¢ under student
t distribution
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Fig. 6. p-p diagrams of sample data of ¢ under
hyperbolic secant distribution

It can be seen from Fig. 5 that the fitting effect
of skewed distribution is better. Therefore, the
constant ¢ approximately follows the skewed
distribution (231.529, 163.282, 12.232).

According to Eqg. (21), 1000 sample data of d
can also be obtained. Similar to the above research
method, it can be known that the constant d
approximately follows the skewed distribution
(-0.147, 0.060, -3.756).
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In practical engineering, the S-N curve can be
described the cycle number of loading when fatigue
failure happens, which provides a basis for the
fatigue life prediction of part. To analyze the fatigue
curve more conveniently, the x-coordinate and
y-coordinate are processed with logarithm as Eq. (30),
and then the S-N curve is approximated as a straight
line in the double logarithmic coordinate.

IgS¢ =lgc+dIgN (30)

As shown previously, the fatigue limit of wheel
hub s ~N (25.489, 7.0352) and s, =[25.362,

25.616], o5, =[6.990, 7.060]. Then 25362, 25.489

and 25.616 are selected from the mean interval, and
6.990, 7.025 and 7.060 are selected from the standard
deviation interval, so three normal distributions N
(25.362, 6.9902), N (25.489, 7.0252) and N (25.616,
7.0602) are selected from a group of normal
distributions, and that is following of s.. And five

data are selected as 23.362, 24.362, 25.362, 26.362,
27.362; 23.489, 24.489, 25.489, 26.489, 27.489;
23.616, 24.616, 25.616, 26.616, 27.616 from three
normal distributions, respectively. According to Eqg.
(21), three sets of data of ¢ and d can also be obtained,
and then the S-N curve cluster can be obtained in the
rectangular coordinate and double logarithmic
coordinate, respectively. That can be shown in Fig. 8
and Fig. 9.

30
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Fig. 8. S-N curve cluster in rectangular coordinate

i

Fatigue Strength, S [MPa]

Number of Cyele to Failure, ¥ [eyeles]

Fig. 9. S-N curve cluster in double logarithmic
coordinate

CONCLUSIONS

In this paper, the low alloy steel AISI 8630M is



taken as the research object, and the influencing
factors of stochastic fatigue strength are analyzed,
then fatigue strength is predicted. The main
conclusions are summarized as follows:

(1) A method of expanding sample data using
the normal distribution is introduced to analyze the
parameter estimation of small sample data. Compared
with the traditional and Bootstrap methods, the
interval estimation accuracy are improved by 91.07%
and 89.52%, respectively.

(2) The fatigue modified factors with
uncertainty are determined from six aspects: surface,
dimension, loading, temperature, miscellaneous
effect and roughness, and then the stochastic fatigue

strength is obtained as S; =cNY, where ¢ and d

approximately  follows the skewed normal
distribution (231.529, 163.282, 12.232) and (-0.147,
0.060, -3.756), respectively.

(3) This data analysis method proposed in this
paper can also be applied to the statistics inference of
small sample data in other engineering fields.
Moreover, the distribution characteristic of fatigue
strength and S-N curve cluster obtained in this paper
can provide a basis for the fatigue life prediction of
wheel hub.
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NOMENCLATURE

do sample diameter

f the ratio of sample fatigue strength and tensile
strength
ky surface modified factor

kp dimension modified factor

k. loading modified factor

kg temperature modified factor

ke Mmiscellaneous effect modified factor
k, roughness factor

N number of cycles
P. exact probability

R stress ratio

Ry roughness

s, fatigue limit of sample

s. fatigue limit of actual part
S¢ fatigue strength

Smax Maximum stress

Smin Minimum stress

Sy tensile strength

Tg service temperature
w2 carmer-von mises statistic

AS stress range
a significance level
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