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ABSTRACT

 The aim of this paper is to characterise the strain-based fatigue reliability of a lower arm suspension system using 
strain signals captured from different types of road load conditions. Given the challenges of acquiring comprehensive 
loading history data and the inherent difficulties in capturing accurate load–time history data through laboratory or 
fiield-testing, a stochastic modelling approach was developed. Strain loads obtained from strain gauges were 
stochastically induced to generate random loads, which were then used to assess fatigue reliability based on the 
experimental data. The fatigue life, ranging from 3.43 x 105 - 9.02 x 105 cycles per block for highway, rural, and 
campus roads, was evaluated using the rainfl ow cycle counting technique through the strain life models, i.e. Coffi  n-
Manson, Morrow, and Smith-Watson-Topper. Furthermore, the reliability of the induced fatigue life data was modelled 
using a Weibull distribution, resulting in a mean cycle to failure for the lower arm falling within the range of 1.92 x 
106 to 2.53 x 106 cycles per block. Among the various road conditions analyzed, the highway exhibited the highest 
fatigue life, indicating that it is less prone to failure compared to other road conditions, which can be attributed to the 
smoother road profi le. Hence, the use of stochastically induced random loads is proposed as an eff ective method for 
assessing strain-based fatigue reliability in aiding for the prediction of the durability and structural integrity of the 
lower arm suspension system.
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INTRODUCTION

Fatigue reliability refers to assessing the probability of 
failure due to fatigue during the expected service life of a 
component or structure. Fatigue failure occurs when a 
material or structure undergoes repeated loading and 
unloading cycles, leading to the progressive accumulation 
of damage and eventual failure, even if the applied stresses 
are below the material’s ultimate strength. In automobile 
reliability research, vehicles of diff erent weights necessitate 
distinct tests for their components, resulting in varying 
strengths and levels of fatigue life (Soares et al. 2018).  
Furthermore, the amount of loading varies based on the 
types of roads used by the vehicles, as diff erent roads exert 
varying amounts of stress on the parts (Putra, Husaini, and 

Ikbal 2021). Suspension components, such as wheel rims 
and brake components, constitute unsprung masses. 
Therefore, reducing their weight is critical for ride quality, 
response, and overall vehicle weight reduction (Izzat et al. 
2022). Several research studies focus on the suspension 
arm, including the dynamic assessment of motor vehicle 
suspension systems using the formulation of point-joint 
coordinates. The mechanical system is replaced with an 
equivalent system of constrained particles, and the 
equations of motion are derived using the principles of 
particle dynamics (Pachapuri et al. 2021). Consequently, 
to predict the fatigue life of a lower arm of the vehicle, a 
fatigue life assessment is established and proposed.

Strain-life models fi nd application in fatigue analysis 
for predicting the fatigue life of materials or components 
based on the applied strain levels(Li and Chelidze 2021). 
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These models establish a correlation between cyclic strain 
amplitudes and anticipated fatigue life, providing estimates 
of the cycles a material can endure before experiencing 
failure. Commonly used models include Coffi  n-Manson, 
Morrow, and Smith-Watson-Topper (Kahoul et al. 2019). 
By delineating the relationship between strain and fatigue 
life, it becomes possible to assess durability, optimize 
designs, and ensure fatigue reliability in the lower arm. 
Strain-life models find extensive usage in various 
industries, including automotive, aerospace, and structural 
engineering, to evaluate the fatigue life of components and 
structures under cyclic loading conditions (B. J. Wang et 
al. 2020). Stochastic approaches, such as the Monte Carlo 
method, are employed in fatigue life analysis to incorporate 
randomness and probabilistic considerations (Karolczuk 
and Kurek 2022). The Monte Carlo method involves 
generating random samples based on probability 
distributions for input variables, such as stress amplitudes, 
and utilizing these samples for fatigue life assessment. 
Through repetitive simulation of fatigue life calculations 
using diff erent input samples, statistical analysis can be 
conducted to estimate mean fatigue life, confidence 
intervals, and probability distributions (Ptak and 
Czmochowski 2023). The Monte Carlo method enables a 
comprehensive evaluation of fatigue performance, taking 
into account the variability and uncertainties associated 
with material properties, load conditions, and environmental 
eff ects. It facilitates the quantifi cation of the probability of 
failure and aids in making informed decisions regarding 
design optimization and maintenance planning, thereby 
enhancing the reliability and durability of components and 
structures.

This study aims to model strain-based load–time 
history as an input from the Monte Carlo technique to 
predict accurately the fatigue reliability. Prior studies 
indicated that the road condition of less bump will have a 
longer fatigue reliability assessment, hence, least expected 
to fail based on the parameters used.  This circumstance is 
due to the given constraints such as the design complexity 
and the sensitivity of the strain gauges that leads towards 
issues of missing data under operating conditions. Thus 
far, studies on the use of the probabilistic techniques in 
predicting the fatigue reliability of an automotive 
suspension remain limited. Thus, the stochastic approach 
of Monte Carlo is proposed to numerically induce random 
load–time history data by embedding experimentally 
captured stain-based loads for fatigue reliability prediction 
to improve the structural integrity of the component.

METHODOLOGY

This study proposes a stochastic technique employing a 
probabilistic approach to generate random stress loading 

history data under operating conditions, as illustrated in 
Figure 1. Strain-based loads are experimentally recorded 
at the critical region based on fi nite element analysis. 
Moreover, these recorded strain-based loads are 
stochastically induced to simulate random loads, allowing 
for the prediction of strain life using the rainfl ow cycle 
counting technique. Reliability analysis facilitates a 
comprehensive understanding of the suspension’s complete 
failure processes by considering the strain life under the 
impact of random loads and employing an appropriate 
distribution function.

F IGURE 1. Flow process of the analysis

MATERIAL CHARACTERISATION

In the process of material characterization, the lower arm 
of the car materials was SAE 1045. To effectively 
characterize these materials, a tensile test was performed 
to determine the ultimate tensile strength, ensuring the 
reliability and usability of the obtained data (Dominguez 
Almaraz, Ruiz Vilchez, and Dominguez 2019). 

For the tensile test, a standard ASTM E8-11 sample 
was selected for conducting the experiment, with the 
specimen size based on the specifi cations outlined in Figure 
2.
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FIGURE 2.  ASTM E8-11 sample used for tensile test
For additional material characterization, a sample of 

the failed lower arm was extracted and sent for fi eld 
emission scanning electron microscopy (FE-SEM) 
analysis. The aim was to capture the microstructure image 
of the materials, identify the specifi c material components, 
and examine the cross-section where the failure took place 
in the lower arm. (Bodik et al. 2022)(Cristina et al. 2023).

CRITICAL LOCATION ASSESSMENT

The mesh, the boundary condition, and the load applied 
are shown in Figure. 1. The SAE 1045 carbon steel material 
was utilised in FEA as a lower arm is commonly made a 
carbon steel of SAE 1045 (Dominguez Almaraz, Ruiz 
Vilchez, and Dominguez 2019). The mechanical properties 
for SAE 1045 carbon steel are as follows: the ultimate 
tensile strength, Su of 565 MPa, a yield strength, Sy is 310 
MPa, a modulus of elasticity, E is 206 GPa, and Poisson 
ratio is 0.29. In this study, the mesh size of 2 mm with 
62300 elements and 116359 nodes with a curb weight of 

1017 kg with a quarter load of 2.04 kN as shown in Figure 
3.(Souiyah 2021) (Amir et al. 2020)

FIGURE 3. Load applied and boundary condition of the lower 
arm based on the quarter car model

EXPERIMENTAL SETUP AND GLOBAL 
STATISTICAL ANALYSIS

The strain time-series history data were experimentally 
captured at the sampling rate of 500 Hz for 60 s from three 
diff erent road conditions, i.e., highway roads, campus 
roads, and rural roads (Putra, Husaini, and Machmud 2020). 
The strain gauge of 1 mm was positioned on the lower arm 
hotspot based on the critical region obtained from the fi nite 
elements analysis as shown in Figure 4.

FIGURE 4. Experiment setup to capture strain data for various load condition
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From the captured data, the global statistics were 
extracted to characterise the feature of the data through the 
mean, standard deviation, kurtosis, root-mean-square, and 
power spectrum density (Q. Wang et al. 2021)(Zhang, Lv, 
and Ge 2021). The mean of a strain signal is a measure of 
its central tendency and represents the average value of the 
strain data points. The mean value x̄ of the signal was 
calculated by using the formula below: 

 (1)

The standard deviation (SD) measure of the dispersion 
or variability of the strain signal. It quantifi es how the strain 
values deviate from the mean., and is shown as below:

 (2)

The root-mean square (RMS) measure of the overall 
magnitude or amplitude of the strain signal.  It is shown 
as below:

(3)

Kurtosis is a statistical statistical measure that 
describes the shape of the distribution of a dataset, 
specifi cally its tail behavior. It indicates whether the data 
has heavy or light tails compared to a normal distribution 
by using the formula below:

 (4)

These formulas provide a basic understanding of how 
to calculate the mean, standard deviation, root-mean-square 
(RMS), and kurtosis from a strain signal.

STRAIN-BASED FATIGUE LIFE ASSESSMENT

The suspension is subjected to random stress time 
history loads that infl uences the number of cycles to 
failure. Hence, the rainfl ow cycle counting rainfl ow 
cycle technique is proposed as it pairs the localised 
minima and maxima to calculate an equivalent cycle 
with the smallest standard deviation (Pham et al. 2021; 
Fu et al. 2020). The result will provide an excursion 
downwards or upwards within the 

given maximum and minimum interval range in order to 
assess the linear fatigue damage concerning the durability 
of the components as by the fatigue life of the structure 
under that specifi c load based on Equation 1. 

 (5)

Where D is the total accumulated damage, Ni is the 
number of cycles for the ith load history, and Nf is the 
fatigue life of the structure under that specifi c load history. 
The linear cumulative damage rule assumes that the fatigue 
life under each load history is independent and that the 
damage caused by each load history is linearly additive. 
The fatigue life was based on the Coffi  n-Manson, Morrow, 
and Smith Watson-Topper (SWT) strain life model as 
shown in Equation (6-8) (Q. Wang et al. 2021)(H. Wang, 
Xuan, and Liu 2021): 

Coffi  n Manson: - which does not consider the eff ect of 
mean stress based on damage value

 (6)

where ε is the strain amplitude, σ›f is the fatigue 
strength coeffi  cient, E is the material modulus of elasticity, 
Nf is the number of cycles to failure for a particular stress 
range and mean, b is the fatigue strength exponent, ε›f is 
the fatigue ductility coeffi  cient, and c is the fatigue ductility 
exponent (L. Abdullah et al. 2021). 

In addition, the Morrow and Smith-Watson-Topper as 
shown in Equation (7) and (8) assesses the deterioration 
of the components’ life due to the cyclic strain range under 
operating conditions, the total strain amplitudes, 
compressive stress and maximum tensile stress for uniaxial 
loading. Hence, these models consider the eff ects of mean 
stress on fatigue behaviour

  
:

(7)

:

  (8)

where E= 206 GPa which is the material elastic 
modulus for the SAE 1045; 
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STRAIN-BASED FATIGUE RELIABILITY 
ASSESSMENT

In order to assess the strain-based fatigue reliability from 
the life data, the selection of the suitable density function 
is important as it will aff ect the accuracy of the applied 
statistical model. Several distribution models are widely 
employed for fatigue analysis, such as the Gaussian 
(Tognan and Salvati 2023), Weibull (Sarkar et al. 2019), 
and Gumbel (Nagode et al. 2023) distributions.  The 
reliability analysis is important in characterising the life 
data of the captured strain data from the suspension under 
operating loads in relation to cumulative fatigue damage. 
The statistical moments of the captured strain time-series 
data i.e. standard deviation, skewness, kurtosis and mean 
tare used to illustrate the characteristics of fatigue life data 
from the Weibull distribution as mentioned in Eq 9 (Molina, 
Piña-Monarrez, and Barraza-Contreras 2020).

 (9)

where θ and β are the characteristic scale parameter 
and shape parameter(Strzelecki 2021).

The random strain-based loads will aff ect the durability 
of the suspension and can be related directly to the failure 
behaviour of the components in terms of early, constant or 
end of service life failures through the estimated β range. 
The changes of β is associated the distribution curve of the 
operating strain load history for the suspension (Kahoul et 
al. 2019). The desired reliability life–safe life of the 
crankshaft for the Nf can be evaluated as:

(10)

where β is the shape parameter, θ is the scale parameter 
and Nf is the number of cycles to failure based on the strain 
loading histories.

The captured random strain loads are the structural 
response from the suspension under operating condition 
that related towards hazard rate of the component. 
Therefore, strain time-series load history will determine 
failure characteristics (Singh, Abdullah, and Ariffi  n 2020):

(11)

Likewise, the mean cycle to failure MCTF based on 
the Nf that be used to represent the specifi ed cycle can be 
illustrated as (Nasir et al. 2020):

(12)

Where β is the scale, μ is the parameter of location 
and Euler’s constant is 0.5776.  

RESULTS AND DISCUSSION

FAILURE CHARACTERISATION

In the conducted tensile test, the ultimate tensile strength 
was determined to be 676 MPa, with a yield point at 376 
MPa and an elastic modulus of 208 GPa. These experimental 
values were used as a reference point for comparison with 
the preset data. The results of the tensile test are illustrated 
in Figure 5.

The fi ndings from the FE-SEM analysis revealed the 
material composition, along with a detailed view of the 
cross-section of the failed lower arm. Figure 6 displays the 
cross-section of the lower arm, illustrating the area where 
the failure occurred (Welch-Phillips et al. 2020).

FIGURE 5. Tensile test results

FIGURE 6. Cross-sectional of lower arm
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For the EDX of the material it is shows in Figure 7 
that the material for the lower arm is mainly consists of 

carbon followed by zinc, iron, silicon and aluminium 
(Cristina et al. 2023) (Monedero-Contreras, Martínez-Ruiz, 
and Rodríguez-Tovar 2023). 

FIGURE 7. EDX of the lower arm

STRESS CONVERGENCE

In order to determine the convergence of the von-Mises 
stress, various mesh sizes from 2 mm to    10 mm were 
modelled. From Figure 8, it is observed that it converged 
at 2 mm (Alias, Matlan, and Kasa 2020).  Finite element 
was conducted to determine a hotspot or critical contour 
on a model of automotive component with a load of 2.04 
kN based on the quarter car model (Patil and Jadhav 2020). 

The maximum deformation was shown at 15 mm at bulk 
of the lower arm area as displayed in Figure 9(a). However, 
the von-Mises stress concentration achieved 2.1 MPa at 
the critical contour, as illustrated in Figure 9(b). This result 
was used to determine the location to fi xed a strain gauge. 
The maximum von-Mises was obtained at 2.1 MPa, where 
it was found to be lesser than the ultimate tensile strength 
of 676 MPa. As a result, this is applicable to determine the 
hotspot or critical region.
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FIGURE 8. Stress convergence of the lower arm 
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(a)

(b)

FIGURE 9. (a) dan (b) shows the deformation and Von-Misses Stress of the lower arm

STATISTICAL ASSESSMENT FROM THE 
CAPTURED STRAIN TIME-SERIES HISTORY

Figure 10 displays the strain-based time history for the 
three-road condition which involves highway, rural 
dan 

campus data at a sampling rate of 500Hz for 60 seconds. 
This frequency is appropriate for on-site data collection 
given that sampling frequencies for signal loading 
measurements should be greater than 400 Hz (Abd Rahim 
et al. 2019). This is because fatigue damage occurs at lower 
frequencies (H. Wang, Xuan, and Liu 2021).
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FIGURE 10.  Strain signal from (a) highway roads, (b) campus roads, and (c) rural roads

The stati stical characteristics for each signal are 
tabulated in Table 1 based on the mean (μ), standard 
deviation (σ), kurtosis (K), and root mean square (RMS). 
In addition, the parameters used to characterise the strain 
signals when analysing random loading data were based 
on the energy (RMS) and kurtosis associated with the state 
of the roads (Nasir et al. 2020). In comparison towards 
signals captured from the variou roads, the RMS for rural 

roads had the highest value at 11.4.  This is due to road 
profi le, it has been observed there were multiple amplitude 
range, which could have aff ected the suspension rather than 
in the highway and campus data (Lennie Abdullah et al. 
2020). In contrast to the results for the campus and highway 
data, the kurtosis value for the rural data was the lowest. 
This might be due to low-amplitude occurrences happening 
on unpaved rural roads. 

TABLE  1. Characterisation of Signal
Characterisation of Signal Type of Road

Highway Campus Rural
μ -3.23 5.25 11.2
σ 10.4 11.3 2.26
K 10.9 12.5 3.02

RMS 3.01 2.92 11.4

The power spectral density (PSD) (González, Feng, 
and Casero 2023) for each of the three signals is shown in 
Figure 11. The PSD obtained from highway road 
demonstrated to be the lowest among the rural and campus 

roads at 4.3 due to the highway roads is smoother and less 
bumpy compare to the campus and rural roads thus the 
value will be the lowest among the three roads. 
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FIGURE 11. Power spectral density (PSD) from (a) highway roads, (b) campus roads, (c) rural roads, and (d) combined roads

(a) Highway

(b) Campus

(c) Rural
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STRAIN-BASED FATIGUE LIFE 
ASSESSMENT

Fig ure 12 depicts the rainfl ow histogram of the three roads’ 
conditions, which was used to begin evaluating the three 
roads’ durability by determining a cycle amplitude from 
the data on variable amplitude strain loads using the 
rainfl ow counting method (Kebir et al. 2020). It was used 

to calculate damage by comparing the average values of 
the stress cycle and amplitude. In contrast to campus and 
rural data shows a substantial dispersion on highway data 
at a lower cycle range. As opposed to highway data, where 
a low amplitude range was obtained while the vehicle was 
in a braking condition, campus and rural data primarily 
featured low amplitude ranges (Pham et al. 2021).

(a) Campus roads( ) p

(b) Highway roads( ) g y

(c) Rural roads

FIGURE 12. Rainflow histrogram for three roads.
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From  Table 2, the strain life model of Coffi  n-Manson 
model has a longer fatigue life than the Morrow and SWT 
models because the computation for the former model did 
not consider for the eff ects of mean stress. Accordingly, as 
for the Morrow and SWT model, the campus road data had 
the range of fatigue life at 3.43 x 105 – 5.97 x 105 cycles/
block. Likewise, the rural data had a fatigue life of 5.18 x 
105 – 6.3 x 105 cycles/block, while the highway data had 

a fatigue life of 6.93 x 105 - 9.02 x 105cycles/block. This 
because the Morrow and SWT models assesses the 
deterioration of the components’ life due to the cyclic strain 
range under operating conditions, the total strain 
amplitudes, compressive stress and maximum tensile stress 
for uniaxial loading. Hence, providing the mean stress 
effect had a significant impact on fatigue life (Putra, 
Abdullah, and Schramm 2020).  

TAB LE 2.  Life data obtained from strain signals
Strain-life model Road type Life value

Coffi  n-Manson

Highway 6.93x105

Campus 5.97x105

Rural 6.56x105

Morrow

Highway 7.74x105

Campus 5.12x105

Rural 6.30x105

SWT

Highway 9.02x105

Campus 3.43x105

Rural 5.18x105

0.00E+00

1.00E+05

2.00E+05

3.00E+05

4.00E+05

5.00E+05

6.00E+05

7.00E+05

8.00E+05

9.00E+05

1.00E+06

Coffin-Manson Morrow SWT

N
o.

 o
f C

yc
le

s t
o 

fa
ilu

re

Strain life models

Highway roads Campus roads Rural Roads

FIGURE 13. Fatigue life

In order to determine the appropriate distribution 
model in determining the fatigue reliability of the 
suspension, the log-likelihood (LL) and the Akaike’s 
information criterion (AIC) is deployed for each strain life 
model are shown in Table 3. It illustrates that the Weibull 
distribution, followed by the Gaussian and Lognormal 
distributions, provided the highest result based on the LL 

value (Molina, Piña-Monarrez, and Barraza-Contreras 
2020). The AIC value showed that the Weibull distribution 
yielded the least value of the three described distributions. 
Because the AIC values of the Gaussian and Lognormal 
distributions were greater than those of the Weibull 
distribution, the Weibull distribution was chosen based on 
the fi ndings of this study (Park et al. 2023). Automotive 
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component mechanical failure and fatigue life were 
predicted using the Weibull distribution.  As a result, one 
of the probabilistic models suited for analysing the random 

variable data in this study was the Weibull distribution 
(Chin et al. 2021). 

TABLE 3. Log-likelihood and Akaike’s information criterion values for all strain life models
Strain-Life Model Distribution Log Likelihood AIC

Coffi  n-Manson

Lognormal -36.15 78.3
Weibull -35.91 77.82

Gaussian -36.12 78.24

Morrow

Lognormal -39.09 84.18
Weibull -39.02 84.04

Gaussian -39.11 84.22

SWT

Lognormal -41.2 88.4
Weibull -41.23 88.46

Gaussian -41.45 88.9

 PROBABILISTIC FATIGUE RELIABILITY 
ASSESSMENT FROM THE STRAIN LIFE 

MODELS

Due to the limited strain-based life obtained from the 
experimental analysis, the Monte Carlo technique is 
proposed to be stochastically induced into the Weibull 
distribution function as shown in Figure. 14 for strain life 
model (Tsai and Alipour 2020). The Morrow and SWT 
models were tilted to the left, indicating that the lower arms 
would have a shorter fatigue life according to these models. 
This was owing to the compression and strain that the lower 

arms endured, which the SWT and Morrow models 
accounted for in their models (Rahim et al. 2021). The 
cumulative distribution function shown in Figure 15 
indicated that the SWT model had a higher likelihood of 
failure than the Morrow and Coffi  n-Manson models. All 
the Coffi  n-Manson model, Morrow model, and SWT model 
had failure probabilities that fell within the range of 0.46 
-0.53, 0.43-0.57, and 0.72-0.86, respectively. This indicates 
that the corresponding Coffi  n-Manson, Rural, and SWT
models, lower arms may sustain damage at failure rates
greater than 0.53, 0.57, and 0.86 (Nasir et al. 2020).

(a) Campus (c) Rural(b) Highway
FIGURE 14. Strain-based fa  gue life distribu  on for the various road condi  on



91

(a) Campus (b) Highway

(c) Rural

FIGURE 15. Strain-based fatigue life cumulative distribution for the various road condition 

(a) Campus (b) Highway

(c)

FIGURE 16. Strain-based fatigue life reliability for the various road condition
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The reliability assessment for the reliability and hazard 
rate was based on fatigue life according to the road 
conditions, as depicted in Figure. 16, respectively. Unlike 
the Morrow and SWT models, the Coffi  n-Manson model 
did not account for the eff ects of mean stress. The tension-
compression eff ect that resulted from the lower arm’s 
operating condition was the cause of the mean stress eff ect 
(Chin, Abdullah, et al. 2021). As a result, it was possible 
to perform the proposed fatigue life reliability assessment 
utilising life data derived from strain signals from various 
types of roads. 

The campus road’s hazard rate for the SWT model 
was 8.0x105 cycles/block, while the Coffi  n-Manson and 
Morrow models had rates of 8.6x105 and 3.7x105 cycles/
block, as shown in fi gure 17 respectively. The hazard rate 
indicates that as the number of cycles rises, so does the 
hazard rate until damage is done (Kebir et al. 2020). The 
SWT model may take into account the mean stress eff ect, 
and a lower arm may suff er compression and tension 
frequently. The hazard rate of the McTF point was defi ned 
to be in the range of 1.09 x 10-5 to 3.86 x 10-6 cycles/block.  
As a result, the harm was displayed in a low hazard area.

(a) Campus (b) Highway

(c) Rural

FIGURE 17. Strain-based fatigue life hazard curve for the various road condition

Figure. 18 depicts the mean cycle to failure (McTF), 
and this value was defi ned using the Weibull distribution’s 
mean. The results demonstrate that the Coffi  n-Manson, 
Morrow, and SWT models’ McTF values ranged from 1.92 
x 106-2.53 x 106 to 1.65 x 106 to 2.26 x 106 and 1.18 x 106 
to 2.53 x 106 cycles/block, respectively (Molina, Piña-
Monarrez, and Barraza-Contreras 2020). In reliability and 
hazard rate graphs, these McTF values were utilised to 
determine where the value resided at the McTF point. In 

addition to McTF, both the Coffi  n-Manson model and the 
SWT model provided the highest values for scale 
parameters, at 16.8 and 2.86 respectively. Due to the Coffi  n-
Manson model’s exclusion of using mean stress in its 
computation, it off ered the maximum value for the Weibull 
characteristics (Zang et al. 2024). It is suggested that the 
Weibull probability distribution be used to model the 
reliability evaluation connected to the fatigue life data. 
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From Figure 10, the correlation of the mean cycle to failure (McTF) is scattered within a range of (105- 106) of the 
correlation line. The rural is above the correlation line for the McTF while the highway is within the correlation line 
while for campus the data is slightly below the correlation line. All the data points fi t within the conventional fatigue life 
boundaries of 1:2 and 2:1 and shown in Figure 19 (Singh, Abdullah, and Ariffi  n 2020).
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CONCLUSION

It can be concluded that the condition of highway roads 
demonstrated a signifi cantly longer life compared to the 
other two road types, namely rural roads and campus roads. 

This conclusion is drawn based on the analysis conducted 
using three diff erent strain models, namely Coffi  n-Manson, 
Morrow, and SWT life strain models. The application of 
these strain models yielded distinct sets of life data, with 
the Coffi  n-Manson model producing the highest life data 
among the three. However, it should be noted that this 
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disparity in results could be attributed to the Coffi  n-Manson 
model’s exclusion of mean stress in its calculation. Despite 
this discrepancy, the fatigue data for the highway roads 
consistently exhibited the highest values across all types 
of models, regardless of the road conditions.

The inputs of the strain-based fatigue life data, the 
fatigue reliability is modelled by extracting the features of 
only the high amplitude excitation obtained in time-domain 
strain signals.The Weibull distribution was selected based 
on the AIC values obtained from the fatigue life data 
generated by all strain life models. The distribution 
facilitated the determination of the McTF values, which 
were subsequently utilized for the data analysis of the PDF, 
CDF, reliability, and hazard rate of the fatigue life in 
relation to the diff erent road types.  Therefore, based on 
the fi ndings of the proposed fatigue reliability assessment, 
it can be concluded that the Morrow and Smith-Watson-
Topper model is proposed as the appropriate strain-life 
model due to the tension-compression eff ect that resulted 
from the lower arm’s operating condition that was caused 
by the mean stress eff ect from the various road condition.
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