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Abstract: To address the problems that catenary droppers are prone to fatigue failure under the
operating environment of high-speed trains and are faced with the shortage of load measurement
samples, insufficient extrapolation accuracy, and large dispersion in life evaluation, an
optimized fatigue load extrapolation method based on small multiples and multiple iterations
is proposed. Firstly, a pantograph-catenary coupling system model is established. After
verification, the load-time history of the dropper is obtained through dynamic simulation.
Secondly, the rainflow counting method is used to statistically analyze the stress cycles. The
bandwidth and range of non-parametric rainflow extrapolation are determined according to
the extrapolation multiple, and the reliable load extrapolation to the target multiple is realized
through a multi-iteration strategy, which is compared with the traditional amplification method
and the large-multiple direct extrapolation method. Finally, the mean stress is corrected based
on the Goodman model, and a standard fatigue load spectrum is constructed. Combined with the
S-N curve and linear cumulative damage theory, a fatigue life prediction model for high-speed
railway droppers is established. This study provides a theoretical basis and data support for life

evaluation, maintenance schedule formulation, and reliability design of catenary droppers.

Keywords: catenary dropper; pantograph-catenary coupling system; fatigue load
extrapolation; fatigue life calculation method

1. Introduction

The catenary system is a critical component of the traction power supply system
for electrified rail transit. It consists of support pillars, supporting devices, contact
suspension, and auxiliary suspension, etc., providing a stable and reliable power supply
for trains [1]. Droppers are key connecting components between the messenger wire
and the contact wire. Through dropper clamps and dropper wires, the contact wire is
suspended from the messenger wire [2]. By adjusting their lengths, the contact wire
is maintained at the designed height, which improves the performance of the contact
suspension. This enables the train pantograph to make more uniform and stable contact
with the contact wire during operation, avoiding arcing and damage caused by poor
contact.

The load spectrum is an important part of fatigue analysis and durability testing
of equipment, reflecting the load variation of the whole machine or components under
actual working conditions [3]. In fact, many industries have begun to pay attention

to the fatigue life of components. The method of guiding fatigue tests and predicting
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fatigue life of components based on load spectrum has been successfully applied in
various engineering fields. For example, Huang et al. [4] proposed a fatigue life
estimation method for aero-engine components based on different load spectra. Based
on the linear damage accumulation theory, a load spectrum difference factor was
introduced to realize the accurate life migration estimation of the same type of engine
applied to different bombers. The agreement with actual engine verification exceeds
92%, which improves the universality and accuracy of the estimation. Yan et al. [5]
proposed a load spectrum compilation and life analysis method for individual aircraft
based on actual flight measurement data. After data preprocessing, the load spectrum
was compiled using the rainflow counting method, and a life model was constructed
combined with the local stress-strain technique, which verified the effectiveness of life
monitoring for key aircraft components. Deng et al. [6] proposed a load spectrum
method for variable operating condition accelerated tests of aero-engine main shaft
bearings. A fault simulation model was established based on the extended finite
element method (XFEM), and a load spectrum with an acceleration factor of 1.5 was
formulated, which provides support for bearing accelerated tests and life prediction.
Yuan et al. [7] proposed a segmented load spectrum model for the bogies of high-speed
trains. Combined with measured data from multiple lines, a segmented Weibull
distribution was used to characterize the features of the stress spectrum, improving the
characterization accuracy of the load spectrum. Zhang et al. [8] proposed a definition
method for the vibration fatigue load of railway vehicle bogies, which converts the
random load spectrum into a three-level load spectrum. Combined with the wheel-rail
coupling characteristics, an axle box vibration spectrum was constructed, improving the
life prediction accuracy of bogie components. Xian et al. [9] proposed a fatigue life
prediction method for excavator turntables. Through finite element stress analysis, load
spectrum synthesis, and Weibull distribution analysis, the fatigue-prone locations were
identified, providing support for the design optimization of construction machinery. Fu
etal. [10] proposed a fatigue damage model integrating the attention mechanism-based
BiLSTM and physical information for engineering machinery booms, which solved
the problem of load-damage mapping, and its prediction accuracy was superior to
traditional methods. The above studies have improved the application system of
load spectra and created favorable conditions for the in-depth research on fatigue life
prediction of components in various industries.

To reasonably predict the fatigue life of droppers, thereby optimizing the
maintenance cycle and obtaining the dropper loads under full working conditions. Due
to the variation in pantograph-catenary contact force and the randomness of dropper
vibration, the vibration responses of droppers differ even under the same operating
conditions.

At present, it is difficult to obtain a full-cycle load spectrum based on limited
measured data, so it is necessary to perform extrapolation from the limited load
data. The current extrapolation methods mainly include the following: parametric
extrapolation, non-parametric extrapolation, and time-domain extrapolation.

Parzen [11] first proposed the method of superposing kernel functions to
approximate the probability density function to be estimated in 1962, and gave the



Sound & Vibration 2026, 60(4), 4135.

basic conditions of kernel functions and the selection rule of the optimal bandwidth.
Silverman [12] put forward the normal reference rule for the optimal bandwidth of
kernel density estimation. Dressler et al. [13] first applied kernel density estimation
(KDE) to load spectrum extrapolation and proposed a KDE extrapolation method
based on the rainflow matrix. Wang et al. [14] analyzed the characteristics of four
kernel functions and their influences on extrapolation results based on the from-to
matrix obtained by rainflow counting. A comprehensive weight model based on
the load dispersion index was constructed using the multi-criteria decision-making
(MCDM) method to select the kernel function, and the effectiveness of the method was
verified with an example of a hybrid electric vehicle. Socie and Pompetzki [15] used
the non-parametric kernel density estimation method to extrapolate the load spectrum

reflecting user driving habits with large load data collected from roads as samples.

2. Acquisition of fatigue loads for droppers

2.1. Establishment of a pantograph-catenary coupled dynamic model

To obtain the dynamic loads at the droppers, the pantograph-catenary coupling
dynamic simulation method is usually adopted to extract the dropper vibration data and
load information. The catenary is modeled using the finite element method, in which
the contact wire, messenger wire, and dropper cable are modeled with Euler—Bernoulli
beam elements, and the droppers are modeled with nonlinear spring elements [16]. The
main-line catenary model is shown in Figure 1, and the relevant structural parameters
of the catenary are listed in Table 1. The pantograph model is equivalent to a
mass-spring-damper model with three degrees of freedom, whose parameters are given
in Table 2. The penalty function method is used to deal with the pantograph-catenary
contact problem. The validity of the pantograph-catenary dynamic simulation model is
verified according to the validation method provided in Standard EN 50318 [17]. The
validation results are shown in Table 3. The dropper vibration data are extracted, and
the dynamic forces of droppers at different positions of the main line under the 350

km/h working condition obtained by simulation are shown in Figure 2.
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Figure 1. Main-line catenary model.

Table 1. Catenary model parameters.

Parameters Values Unit
Span 50 m
Spacing of Drops 5,8,8,8,8,8,5 m

stagger 0.2 m
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Table 1. Cont.

Parameters Values Unit
Structure Height 1.6 m
Contact Wire Tension 33 kN
Contact Wire Cross-Sectional Area 150 mm?
Contact Wire Linear Density 1.34 kg/m
Young's Modulus of Contact Wire 124 kN/mm?
Contact Wire Clamp Mass 0.165 kg
Messenger Wire Tension 20 kN
Messenger Wire Cross-Sectional Area 120 mm?
Messenger Wire Linear Density 1.03 kg/m
Young's Modulus of Messenger Wire 105 kN/mm?
Messenger Wire Clamp Mass 0.195 kg
Elastic Sling Tension 35 kN
Elastic Sling Linear Density 0.31 kg/m
Young's Modulus of Elastic Sling 105 kN/mm?
Elastic Sling Cross-Sectional Area 35 mm?
Elastic Sling Cross Clamp Mass 0.38 kg
Elastic Sling Cross Linear Density 0.09 kg/m
Young's Modulus of Elastic Sling 120 kN/mm?

Table 2. Pantograph model parameters.

Name Symbol Data Position
M1 10.3 Head of Pantograph
Equivalent mass M2 10.154 Upper Frame of Pantograph
M3 6.1 Lower Arm of Pantograph
Cl1 120 Head of Pantograph
Equivalent damping C2 0 Upper Frame of Pantograph
C3 0 Lower Arm of Pantograph
K1 0 Head of Pantograph
Equivalent stiffness K2 10.64 Upper Frame of Pantograph
K3 10.4 Lower Arm of Pantograph

Table 3. Model validation results.

Comparison item Standard range Simulation results
Pantograph number Front pantograph Rear pantograph Front pantograph Rear pantograph
Double Pantograph Spacing 200 200
Average Contact Force 143~144 142~144 143 143
Standard Deviation 20.2~24.7 24.4~36.2 229 25.6
Standard Deviation (0-5Hz) 11.7~15.2 17.0~18.2 13.7 17.3
Standard Deviation (5-20Hz) 16.5~19.0 16.4~27.4 18.4 20.6
Maximum Contact Force 185~199 203~252 196 204
Minimum Contact Force 92~102 56~88 95 82
Vertical Displacement of the Contact Point 18~25 26~36 19 27
Maximum Displacement of the Registration Point 55~79 51~79 66 67
Offline Rate 0 0 0 0

2.2. Acquisition of fatigue stress for droppers

In the pantograph-catenary coupling dynamic simulation model, droppers are
simplified as spring elements, making it difficult to directly extract their internal stress.
Therefore, a static model of the dropper is established, and the mapping relationship
between dropper force and internal stress is obtained by combining finite element
analysis and data fitting. The JTMH-10 dropper structure is simplified, and a solid

model of the dropper with a 7 x 1 cross-section is built and meshed into a finite element
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model. The 3D solid model and finite element model of the dropper are shown in
Figure 3.

300
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Figure 2. Dynamic forces of droppers at different positions on the main line obtained by
simulation under the 350 km/h operating condition.

(a) 3D Model (b) Finite element model

Figure 3. 3D and finite element models of the dropper.

One end of the dropper finite element model is fixed, and a series of axial forces
are applied to the other end. The axial force ranges from 0 to 300 N with a loading step
of 20 N, forming a total of 15 groups. The dropper stress under various loads is obtained
accordingly. The maximum stress value of the dropper in each simulation is extracted,
and the data are fitted by an exponential function. Finally, the mapping relationship
between dropper force and stress is obtained as follows:

fd'roppe'r

Odropper = Ae” t + Ca (1)

where 0 gropper is the dropper stress, faropper is the dropper force, A =—-102.2754, t =
174.802, and C = 100.845.

According to Equation (1), the dropper force can be converted into dropper stress,
which is then used as the fatigue load for analysis.

2.3. Rainflow counting statistics of dropper fatigue loads

According to fatigue-related theories, extracting effective load cycle amplitude
and frequency information is a prerequisite for fatigue life prediction and reliability
analysis of catenary components. The rainflow counting method is usually employed to
convert the measured load-time history into the rainflow domain load, and the rainflow
extrapolation technique is used to realize the extrapolation from a short-term load

spectrum to a long-term load spectrum. There are three common forms of rainflow
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Dropper 1

matrices: From-To, Mean-Range, and Min-Max [18]. Under the 350 km/h operating
condition, the From-To rainflow counting statistical results of the loads for droppers

1-6 on the main line are shown in Figure 4.
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Figure 4. Rainflow counting results of droppers 1-6 at 350 km/h.

As shown in Figure 4, it is found that most of the fatigue load cycles in the
rainflow counting results are medium and low amplitude load cycles, while the number

of high-amplitude cycles is small.

3. Implementation of the load extrapolation method

According to Conover et al. suggestion [19], the extreme load in the fatigue
process can be regarded as the load that occurs only once in 10° cycles. Based
on the distribution law of load cycles at various amplitudes in the original rainflow
counting results, the number and amplitude of extreme cycles with low probability
and high amplitude are inferred. This ensures that the cycles critical to fatigue failure
are included in the damage calculation, thus fundamentally guaranteeing the safety of
structural design. According to the existing fatigue load data and rainflow counting
results, the number of fatigue load cycles of the dropper under a single pantograph
passage exceeds 100. Therefore, it is necessary to extrapolate the dropper fatigue load
data by a factor of 10%.

3.1. Linear extrapolation method

Linear extrapolation is a simple matrix extrapolation method used in rainflow
counting techniques. The load-time history is converted into a mean-amplitude rainflow
matrix using the rainflow counting method, and the mean value and amplitude of each
load cycle are directly extracted [20]. The number of load cycles in the rainflow matrix
is multiplied by the extrapolation factor to increase the cycle frequency. The cumulative
frequency-amplitude curves of the first dropper before and after extrapolation at an
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operating speed of 350 km/h are shown in Figure 5. For example, if the total number
of load cycles obtained from testing on a certain section of line is IV, and the expected
total number of cycles corresponding to the target service life is NV ", the rainflow
matrix after extrapolation can be obtained by multiplying the number of cycles in each
amplitude-mean interval in the rainflow matrix by the amplification factor £,

/
50
—— pre-extrapolation
— post-extrapolation

40 |
[}
=]
=
830
g
<
2
o
>
@] 20
=]
<
=}
-

10 | \

O 1 1 1 1 \"\

10° 10! 107 10° 10* 10° 10° 107

Cumulative Frequency

Figure 5. Linear extrapolation cumulative frequency—Amplitude distribution diagram.

From the perspective of data characteristics, this extrapolation method only
changes the occurrence frequency of load cycles without adjusting any core physical
parameters such as the mean value and amplitude of individual cycles. Therefore, the
amplitude-cumulative frequency curves before and after extrapolation only shift in the
frequency dimension, while the key characteristics such as the shape and slope of the
curves remain completely unchanged.

It is worth noting that this method only focuses on amplifying the frequency of load
cycles and ignores the randomness of loads in actual working conditions. Even for the
same pantograph, the same operation mode, and passing speed, the load conditions of
the dropper cannot be completely identical in each test, and differences exist between the
obtained load-time histories and their corresponding rainflow matrices. Therefore, the
long-term load data obtained by this method differ greatly from actual operation, cannot
break through the empirical boundary of short-term data, and cannot predict the extreme
loads that may occur to the dropper under long-term complex dynamic scenarios.

3.2. Adaptive kernel density estimation extrapolation method

To accurately and reasonably extrapolate short-term measured load-time history
data to obtain a long-term load spectrum, the statistical characteristics of the measured
loads should be fully considered, and the load values and frequencies should be
simultaneously extrapolated according to the load distribution and density. To achieve
an accurate description of the statistical characteristics of dropper loads, thereby
providing a reliable basis for extreme load prediction, it is necessary to introduce the

7
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probability density function of random variables. This function is used to quantitatively
characterize key statistical information such as the load distribution law, fluctuation

characteristics, and occurrence probability of extreme values.
3.2.1. Adaptive kernel density estimation

This method is based on kernel density estimation, which does not require
assuming that the sample data follow a specific distribution. It can break away from the
dependence on the parent distribution and provide an accurate nonparametric estimation
of the load probability density, exhibiting strong applicability [21]. The basic idea is:
place a kernel function around each data point, then take the weighted average of all
kernel functions to construct a smooth probability density curve. The load distribution
not included in the original load samples is then obtained by extrapolation based on the
fitting results.

According to the “From-To” rainflow matrix of the dropper load, the
Epanechnikov kernel is selected as the kernel function for kernel density estimation to

estimate the rainflow matrix. The calculation formula is as follows:

w1 T—T; Y—Y;
= = —K 3
) = 3 R . ®
where / is the bandwidth of the kernel density estimation function, and its calculation
formula is as follows:

-1

h=240n7s , 4)

where K (u, v) is the Epanechnikov kernel function, given by:

21— (02 4+ 02)] (12 + 02
(u,v)z{“[l (u? +0?)] (W2 +2%) <1 )

0 (u? +2v?)>1

To obtain a more precise data distribution characteristic, a bandwidth adaptation
factor is introduced to adaptively modify the fixed bandwidth. This allows the estimated
bandwidth to be dynamically adjusted according to the local density variation of the
data. In data-dense regions with high local density, a narrower bandwidth is used to
capture local features; in data-sparse regions with low local density, a wider bandwidth
is adopted to suppress noise. In this way, the accuracy and reliability of the estimation

results are improved. The calculation method of the adaptive bandwidth factor is as

Ai _ \/ _ f(xwy’t) —. (6)
(12 f (i, vi))
Using the adaptive bandwidth, the probability density function of the load

follows:

sample is:

T B B S N Il
f(%y)—n;{(h)\i)zf{( W ’ 3y ) . 7

3.2.2. Monte carlo simulation

After obtaining the probability density function of the load distribution, it is

also necessary to generate load cycles conforming to this distribution and count the
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frequency of these cycles to construct a complete rainflow matrix. This process
involves sampling from a continuous distribution and performing a large number of
repeated trials to obtain the extrapolated load spectrum. Monte Carlo simulation is
a computational method based on random sampling. In load spectrum extrapolation,
Monte Carlo simulation can be understood as follows: according to the joint load
distribution obtained by kernel density estimation, a large number of random samples
are taken [22]. Each sampling generates one load cycle conforming to the distribution,
and its starting and ending values are recorded. By repeating this process thousands or
even tens of thousands of times, the occurrence frequency of each load cycle can be
counted, and thus the extrapolated rainflow matrix can be constructed .

A point (z;,y;) is randomly selected from the From-To matrix, with the
probability of each point being selected proportional to its count. Independent random
perturbations are added to this point: ¢, ~ K, ¢, ~ K, where K, and K are scaled
versions of the kernel function, respectively. The above procedure is repeated N times
to generate IV " new virtual load cycles.

The extrapolated From-To rainflow matrix is converted into the Range-Mean form.
The amplitude cumulative frequency curve of fatigue load for the first dropper at
mid-span under the operating condition of 350 km/h is shown in Figure 6. Compared
with linear extrapolation, adaptive kernel density extrapolation corrects both the
amplitude and frequency of dropper fatigue loads and extends toward the upper left

corner to form a prediction region for extreme loads.
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Figure 6. Cumulative frequency-amplitude curves of dropper fatigue load before and after
adaptive Kernel density estimation.

3.3. Adaptive kernel density extrapolation based on small-multiple

stepwise iteration

During load extrapolation, typical linear extrapolation only extends the frequency
of occurrence of existing load amplitudes in a linear manner, without altering the
load amplitudes themselves or expanding their range. The load spectrum obtained
after extrapolation can hardly reflect the extreme conditions that may occur during

the actual service of droppers, thus failing to meet the requirements of fatigue tests.
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When performing a single high-multiple extrapolation using adaptive kernel density
estimation, the excessive extrapolation step size and sparse information at the tails of
the data distribution can easily cause the extrapolated amplitudes to deviate from the
true distribution, resulting in distorted extreme load amplitudes and probability density
distortion.

To balance the coverage of extreme load amplitudes under actual dropper working
conditions and the authenticity of extrapolated load amplitudes, and to avoid the dual
drawbacks of insufficient expansion in linear extrapolation and distorted extreme load
amplitudes caused by high-multiple adaptive kernel density extrapolation, we propose
an adaptive kernel density extrapolation method based on small-multiple stepwise
iteration: Using a small multiplier as the iteration step, the method sequentially
performs adaptive kernel density estimation and load amplitude extrapolation. In each
iteration, the probability density distribution is updated based on the extrapolation
results from the previous round. Through multiple rounds of progressive extrapolation,
the method gradually approximates the extreme load range, reliably simulating the
cyclic characteristics of extreme loads while effectively suppressing the amplitude
distortion caused by high-multiplier extrapolation, thereby ensuring the authenticity
and conservativeness of the extrapolated load spectrum.

According to the results of linear extrapolation and adaptive kernel density
estimation extrapolation, it can be found that since the adaptive kernel density
estimation introduces an adaptive factor, the bandwidth in the high-amplitude and
low-frequency region of the load is optimized. The amplitude and frequency of the
dropper fatigue load data are corrected, and the prediction region of extreme load is
extended, which is more conducive to the estimation of load extremes. To investigate
the relationship between different extrapolation multiples and extrapolation results,
Table 4 and Figure 7 present the extrapolation results of the load time histories of
droppers 1 to 6 under the operating condition of 350 km/h after being extrapolated
by factors of 10, 100, 1,000, and 10,000. The results show that the extreme load
increases with the increase of the extrapolation factor, but the upward trend gradually
tends to be gentle. The amplitude-cumulative frequency curve becomes smoother in the
low-amplitude region, and the correlation with the original data in the small-amplitude

region becomes increasingly poor.

Table 4. Comparison of extreme loads with different extrapolation multiples.

Dropper number Initial extreme value 10 x extrapolation 100 x extrapolation 1,000 x extrapolation 10,000 x extrapolation
1 59.75 71.24 84.03 95.23 103.6
2 73.21 83.13 96.67 110.1 120.5
3 86.13 105.8 142 170.4 202.4
4 67.08 80.07 90.61 103.9 110.2
5 61.38 75.13 89.23 100.7 112.3
6 75.49 94.67 117.2 142 159.4

According to the amplitude cumulative frequency curves of dropper fatigue loads,
the small-amplitude portion has a high frequency, which is closer to the actual operating
conditions. During extrapolation, low-multiple extrapolation better preserves the
shape of the small-amplitude region. To ensure that the load extrapolation results

10
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are more consistent with real operating conditions, multiple iterative extrapolation

is adopted instead of direct high-multiple extrapolation.

As shown in Figure 8,

small-multiple multiple iterative extrapolation can better retain the data variation trend

in the low-amplitude region, and the extreme load after extrapolation is smaller than

that obtained by direct high-multiple extrapolation.
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Figure 7. Cumulative frequency curves of dropper fatigue load amplitude under different
extrapolation multiples.
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Figure 8. Cumulative frequency curves of dropper fatigue load amplitude under different

iterative extrapolation times and different extrapolation methods.
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The correlation comparison analysis is carried out by selecting the number of load
cycles in the low-amplitude region. Under the operating condition of 350 km/h, the
correlation coefficients of linear extrapolation, segmented extrapolation, and one-step

extrapolation are shown in the following Table 5:

Table 5. Correlation analysis of amplitude-cumulative frequency curves under different
extrapolation methods.

Speed level-dropper number Linear extrapolation Adaptive iterative extrapolation Adaptive direct extrapolation
350-1 1 0.92935 0.82927
350-2 1 0.80432 0.75525
350-3 1 0.59401 0.57921
350-4 1 0.79213 0.72972
350-5 1 0.72431 0.70813
350-6 1 0.86225 0.77508

By comparing and analyzing the dropper fatigue load amplitude and fatigue
life calculated using linear extrapolation, one-time 10,000-fold extrapolation, and
10-fold segmented iterative extrapolation, it is found that the one-time 10,000-fold
extrapolation leads to a large deviation in the extreme load value. Meanwhile, the
analysis shows that in the high-frequency and low-amplitude region, the correlation
between segmented extrapolation and linear extrapolation is better than that of one-time
extrapolation, which should be more reliable in fatigue life prediction.

Non-parametric rainflow extrapolation is implemented by performing non-
parametric probability density estimation of loads and Monte Carlo simulation.
Existing non-parametric extrapolation algorithms usually adopt only a single
bandwidth parameter and correct the kernel density estimation error by determining
an adaptive factor. In this process, accurate estimation of the Weibull distribution
parameters is critical to verifying the rationality of extreme loads.

However, owing to the scarcity of large load cycle samples, the corresponding
segment of the amplitude-cumulative frequency curve often fails to meet the sample
size requirement for parameter estimation. Particularly under dropper vibration
conditions, single high-multiple kernel density extrapolation based on small samples
tends to produce extreme loads exceeding the physical bearing capacity of droppers.

To address this issue, the improved algorithm reduces the single extrapolation
factor and increases the number of extrapolation iterations. The bandwidth parameter
is iteratively updated according to the obtained extreme loads and then applied to the
kernel density estimation model, so that both the statistical probability law of extreme

load occurrence and physical rationality are effectively balanced.

4. Fatigue life calculation of droppers

4.1. S-N curve for dropper material
Based on the research methods and fatigue test data of droppers reported in the
existing literature, the S-N curve of copper stranded wire is fitted using the Basquin

formula [23]. The expression describing the relationship between stress amplitude and
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number of cycles is obtained as follows:
o(N) = aN?, (8)

where a = 1,470, b = —0.16.
The S-N curve of the dropper material is shown in Figure 9:
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Figure 9. Dropper material S-N curve.

4.2. Fatigue damage calculation

Based on the extrapolated Range-Mean rainflow matrix, the dropper loads are
corrected to zero-mean loads using the Goodman straight line [24]. The Miner linear
fatigue damage accumulation theory is applied [25], which assumes that the fatigue
damage induced by fatigue stress cycles at various levels is linearly accumulated. The

cumulative fatigue damage process of the dropper can be expressed as:
D=>Y -, ©)

where D is the total damage under cyclic fatigue loads of the dropper; m is the number
of fatigue stress amplitude levels; n; is the number of cycles at the i-th stress level; IV;
is the fatigue life of the dropper under the i-th stress level. If the total number of cycles
corresponding to the load spectrum is Ny, the fatigue life of the dropper is given by:

Ntotal
T = . 10
o (10)

For droppers within one span of the main line under an operating speed of 350
km/h, after extrapolation by different methods, the fatigue life (safe operation times) of
droppers at different positions is calculated by Equation (10) respectively, as shown in
Figure 10 and Table 6:

Table 6. Calculation results of fatigue life with different extrapolation methods.

Drop-01 Drop-02 Drop-03 Drop-04 Drop-05 Drop-06
Linear Extrapolation 1.98 x 108 2.64 x 107 1.08E x 107 1.01E+08 1.36 x 108 7.05 x 107
4 x 10 Extrapolation 2.05 x 108 2.72 x 107 1.02E x 107 9.91 x 107 1.45 x 108 435 % 107
10,000 Extrapolation 1.05 x 108 1.52 x 107 3.63E x 100 5.26 x 107 6.39 x 107 1.66 x 107
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Figure 10. Comparison of fatigue life of droppers at different positions under 350 km/h.

Based on the calculations in Table 6, there are significant differences in the
fatigue life calculated by the three methods: Linear extrapolation is based on the
linear assumption between load and life, featuring simple calculation but neglecting
the nonlinear cumulative characteristics of fatigue damage. Direct extrapolation
by high-multiple kernel density estimation leads to distortion of the kernel density
distribution due to the excessively large extrapolation step size, which significantly
underestimates the fatigue life of droppers (the life values under all working conditions
are obviously lower than those of the other two methods). In contrast, the multi-step
low-multiple iterative kernel density estimation extrapolation updates the kernel density
distribution through multiple small-step iterations, which not only retains the statistical
details of the load distribution but also gradually approximates the real trend of fatigue
life. Its results are closer to those of linear extrapolation and exhibit more reasonable
stability under most working conditions.

In engineering practice, the evaluation of dropper fatigue life needs to balance
accuracy and reliability. The iterative extrapolation method not only avoids the
assumption limitations of linear extrapolation but also overcomes the distortion
problem of high-multiple direct extrapolation, which is more in line with the accuracy
requirements of load spectrum extrapolation in actual engineering. Therefore, it is more

suitable for the engineering needs of dropper fatigue life evaluation.

5. Conclusion

Focusing on the core demand of fatigue life evaluation for droppers in high-speed
railway catenary, this study systematically investigates the calculation methods, aiming
to address key engineering challenges, including insufficient load sample size, low
extrapolation accuracy, and large dispersion in life assessment. The main conclusions

are drawn as follows:

1. A precise acquisition system for dropper fatigue loads is constructed. A

pantograph-catenary coupled dynamic simulation model is established, and the
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mapping relationship between dropper force and stress is obtained by integrating
finite element analysis and data fitting, realizing the conversion from dynamic
loads to fatigue stresses. The rainflow counting method is adopted to conduct
statistical analysis of load cycles, clarifying the load distribution characteristics
of droppers, where the proportion of medium-low amplitude cycles is high, while
that of high-amplitude cycles is low, which lays a solid data foundation for
subsequent extrapolation analysis.

2. An adaptive kernel density extrapolation method based on small-multiple
stepwise iteration is proposed. This method overcomes the limitations of
traditional linear extrapolation—which ignores the randomness of loads—and
high-multiplier adaptive kernel density estimation, which is prone to distortion. It
performs target extrapolation in stages using small-multiple increments. At each
iteration, the kernel density distribution is updated based on newly generated
samples, and the estimation accuracy in both low- and high-amplitude regions
is optimized through adaptive bandwidth adjustment. This approach preserves
the statistical details of low-amplitude loads while reasonably estimating
low-probability, high-amplitude extreme loads, thereby better aligning with
actual engineering load patterns.

3. This study validated the superiority and reliability of the adaptive kernel density
extrapolation method based on small-multiple stepwise iteration. A comparison
of the load distribution characteristics and fatigue life results from the three
extrapolation methods indicates that the adaptive kernel density extrapolation
method based on small-multiple stepwise iteration exhibits higher correlation
with the original data in the low-amplitude region (with correlation coefficients
generally superior to those of single high-multiple extrapolation using adaptive
kernel density estimation).

4.  An engineering-practical evaluation scheme for dropper fatigue life is proposed.
Combined with the Goodman line model and Miner linear cumulative damage
theory, a complete fatigue life prediction model is established, providing a
feasible technical reference for the engineering application of dropper fatigue life

assessment.
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