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Abstract 

Suspension bridges are subject to significant stress cycles over their operational lifespan due to wind loads, 

leading to fatigue damage. Traditional rainflow counting methods have limitations when applied to non-

stationary wind loads, particularly when the stress response exhibits significant state changes, which can 

result in incomplete cycle identification or amplitude misjudgment. This paper proposes a Time-Domain-State 

Dual-Layer Rainflow Counting (TSD-RFC) method to address these shortcomings in fatigue analysis of 

suspension bridges under non-stationary wind loads. The method decomposes the non-stationary response 

signal into multiple quasi-stationary segments, applying the classical three-point rainflow counting method 

within each segment to identify primary fatigue cycles. Additionally, for state transition segments in the 

response, an independent state transition cycle counting layer is used to identify additional large-amplitude 

stress cycles induced by wind speed fluctuations. Comparison with traditional rainflow counting shows that 

the TSD-RFC method more accurately identifies stress cycles, particularly in high-amplitude stress regions, 

effectively distinguishing cycles caused by state transitions. In the fatigue assessment of suspension bridges, 

the TSD-RFC method results in approximately 11.39% higher fatigue damage than traditional methods at a 

wind speed of 20 m/s, demonstrating the significant advantages of this method in fatigue damage evaluation 

under non-stationary wind loads. 
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1 Introduction 

Large-span bridges are continuously subjected to natural wind excitation throughout their operational lifespan. As 

a result, the structural components accumulate numerous stress cycles due to wind-induced vibrations, making fatigue 

damage a key factor influencing the durability and service safety of these bridges(Banday et al., 2025; Thalla and Stiros, 

2018). Ding explored the influence of wind direction on the fatigue damage and lifespan of Jiubao Bridge hangers. By 

integrating wind field data from a structural health monitoring system, a fatigue damage model was developed, 

considering both wind speed and direction, to assess the hangers' durability(Ding et al., 2025). Yuan presented a fatigue 

life evaluation framework for the suspender system of continuous suspension bridges, incorporating wind, traffic loads, 

and displacement-controlled devices (DCD). The results indicate that the absence of DCD accelerates fatigue damage, 

with long suspenders more affected by wind and short suspenders by traffic loads(Yuan et al., 2025). Wang analyzed the 

fatigue life of Qiao Jia-fan 2# Bridge, considering temperature and static wind loads. Results show the maximum stress 

occurs near the 0# block, with corrugated steel webs having significantly longer fatigue life than concrete(Wang and Jia, 

2024). Allard assessed buffeting-induced fatigue damage in a suspension bridge under the Worst-case climate scenario 

RCP8.5, considering location and climate effects over 100 years(Allard and Snaiki, 2024). Yuan developed a fatigue 

analysis framework for continuous suspension bridges with displacement-controlled suspenders (DCS), showing that DCS 

improves fatigue performance by enhancing stiffness and load-bearing capacity, especially under traffic loads(Yuan, 

2025). Su analyzed the wind-induced stress response of an asymmetric steel arch bridge with inclined ribs, identifying 

critical fatigue-prone areas and influential factors for hanger stress distribution under varying wind directions(Su, 2022). 

Unlike extreme wind-induced vibrations that occur during limit state conditions, fatigue failure is typically governed by 

moderate winds that act repetitively over a long period. Therefore, accurately characterizing the cyclic characteristics of 

wind-induced responses is critical for fatigue assessment. 

Mountain wind fields often exhibit non-stationary characteristics, Su investigated two strategies for analyzing 

turbulence characteristics of non-stationary wind events in mountain valleys using high-frequency wind data, offering 

insights for wind engineering and fluid-structure interactions(Su, 2025). Pei developed a wind speed prediction model 

(WT-CNN-LSTM) combining wavelet decomposition, LSTM, and CNN, improving accuracy in mountainous areas by 

reducing MAE, MSE, and RMSE, offering insights for engineering applications(Pei et al., 2024). Jun compared non-

stationary and stationary wind speed models, showing that the non-stationary model provides more accurate turbulence 

intensity, gust factor, and PSD, offering insights for mountainous wind speed analysis(Jun et al., 2025). Li's study 

investigated the effects of oncoming wind speed on a long-span bridge in a mountain valley, showing that higher wind 

speeds reduce turbulence intensity and increase wind attack angles, impacting bridge safety(Li et al., 2024). Non-

stationary wind loads lead to larger structural responses(Zhang et al., 2025; Zhou et al., 2024), thereby increasing the 

fatigue damage to the structure. Hu proposed a fatigue evaluation method for steel truss suspension bridges under non-

stationary and non-Gaussian buffeting, showing mid-span cables suffer the greatest fatigue and damage increases when 

both effects are considered(Hu et al., 2025). Therefore, wind-induced buffeting of suspension bridges in mountainous 

areas must consider non-stationary winds. Since the resulting structural response is strongly time-varying, accurately 

evaluating fatigue damage from non-stationary response histories is essential. 

The rainflow counting method is the most commonly used cyclic identification technique in fatigue analysis; Chen 

proposed a probabilistic fatigue life prediction framework using piecewise stochastic rainflow counting and uncertain 

material properties, validated experimentally, showing loading randomness and mean stress models significantly 

influence fatigue life(Chen et al., 2020). Huang proposed a one-stage four-point rainflow algorithm using preprocessing, 

achieving 42% higher efficiency without accuracy loss, and enabling faster fatigue life estimation in structural health 

monitoring(Huang et al., 2023). Bibbo proposed a multiaxial rainflow counting method using a modified three-point 

ASTM algorithm and minimum circumscribed circle approach, showing good agreement with existing methods on 

simulated and experimental data(Bibbo et al., 2023). Obermayr presented a real-time online rainflow counting algorithm 



for ECUs that considers power-on-time, reduces memory and computation demands, and enables large-scale load cycle 

identification(Obermayr et al., 2021). Wang developed critical-plane-based multiaxial cycle counting algorithms by 

modifying rainflow and range methods, achieving fatigue life predictions consistent with experimental results under 

random loading(Wang et al., 2019). However, when the structural response exhibits strong non-stationarity, directly 

applying the traditional rainflow counting method leads to distorted cycle distributions and biased damage estimation. 

This study proposes a time-domain-state dual-layer rainflow counting method for non-stationary random wind 

loads. The non-stationary response is divided into several stationary segments, and the primary fatigue cycles within 

each segment are identified. Additionally, transition cycles occurring when the mean wind speed shifts between different 

segments are recognized. Using this framework, the fatigue damage of a suspension bridge subjected to non-stationary 

wind loading is investigated. 

It should be noted that the proposed framework is fundamentally different from conventional piecewise rainflow 

counting approaches. Existing segmented methods mainly divide the signal into fixed local windows for local cycle 

counting or loading-spectrum reconstruction. In contrast, the segmentation adopted in the present study is not artificially 

prescribed, but is determined according to the quasi-stationary statistical characteristics of the non-stationary response 

itself. Furthermore, the proposed method does not only perform cycle counting within stationary segments, but also 

establishes a Markov-chain-based state-transition framework to characterize additional macroscopic cycles induced by 

stochastic switching between different response states. Therefore, the proposed framework focuses on state-transition-

driven cycle evolution in non-stationary stochastic processes rather than conventional local window decomposition. 

2 Non-Stationary Rainflow Counting Method 

The non-stationary wind field in mountainous areas exhibits distinct features such as sudden fluctuations, leading 

to significant non-stationary characteristics in the wind-induced stress response of suspension bridges. In traditional 

fatigue analysis, the rainflow counting method effectively identifies the primary cycles in stress time histories. However, 

its single-layer counting approach, applied to the entire time series, struggles to distinguish between the cycles in 

stationary phases and those during state transitions. This issue is particularly evident in transition intervals, such as wind 

speed surges or wind direction shifts, where cycle identification can be incomplete or lead to amplitude misjudgment. 

To address this, this section proposes a time-domain-state dual-layer rainflow counting method. The entire time history 

is divided into several quasi-stationary segments based on the definition of stationarity. Within each segment, classical 

rainflow counting is used to identify the primary cycles. For the non-stationary disturbances during transitions between 

segments, an independent "state transition cycle" counting layer is constructed. This method allows for a more refined 

decomposition and evaluation of fatigue damage. 

2.1 Rainflow Counting Method 

The rainflow counting method is a cycle identification technique based on a sequence of turning points. It 

decomposes any one-dimensional random response into several "upward-downward" or "downward-upward" closed 

cycles. The core idea is to compare the amplitudes of adjacent peaks and valleys in the time series and progressively pair 

them according to specific rules. Ultimately, this process yields the amplitude and mean value for each pair of cycles, 

enabling a unified representation of complex and irregular waveforms. 

Given a stress time history ( )x t , the first step is to extract all local extrema, forming a turning point sequence 

 1 2, , , nX X X  arranged in chronological order, where iX  represents the local peaks or valleys. A commonly used 

criterion for identifying extrema is: 

( )( )1 1 0i i i ix x x x− +− −   (1) 

Points that satisfy the criteria are referred to as turning points. Figure 1 shows the response time history and its 



corresponding peak-valley extraction results, where the circles represent the turning points in sequence  iX . 

 
Figure 1: Response time history and the corresponding peak–valley extraction results 

The three-point rainflow counting method is the most fundamental form of the rainflow algorithm. It determines 

whether a complete cycle is formed by comparing the relative amplitude magnitudes of any three consecutive turning 

points. For any three successive turning points 1iX − , iX , and 1iX + , two adjacent amplitude differences are defined as: 

1 1i iX X − = −  (2) 

2 1i iX X+ = −  (3) 

The three-point rainflow cycle criterion is: 1 2   . Then the point pair ( )1,i iX X−  forms a complete cycle, and the 

corresponding cycle amplitude and mean value are given by: 
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After a cycle is identified, the corresponding turning-point pair is removed from the sequence, and the procedure continues 

iteratively until the entire sequence has been processed. 

Through the above procedure, the amplitude–mean pairs ( ) 
1

,
cN

k k k
A M

=
 of all closed cycles can be obtained. For 

subsequent fatigue damage or reliability analysis, the results are often summarized as a cycle counting matrix pqN  or 

presented in the form of a two-dimensional histogram. Several amplitude intervals  pA  and mean value intervals 

 qM  are selected and defined as: 

) ) 1 1, , ,pq k p p k q qN k A A A M M M+ +
 =   ∣  (6) 

2.2 Time-Domain–State Dual-Layer Rainflow Counting Method 

Under the action of a non-stationary wind field in mountainous areas, the response time history of a suspension 

bridge typically exhibits both slowly varying trends and abrupt changes. On the one hand, during certain periods the 

mean and variance remain approximately constant, which can be regarded as quasi-stationary segments. On the other 

hand, when wind speed or wind direction changes rapidly, the response mean rises or drops significantly, and additional 

large-amplitude cycles often occur in these transition segments. If the conventional rainflow counting method is applied 

directly to the entire non-stationary time history, all cycles will be mixed together, resulting in incomplete cycle 

identification and amplitude misjudgment. Therefore, based on the traditional rainflow counting introduced in Section 

2.1, a time-domain–state dual-layer cycle identification framework is introduced to achieve a more accurate 

decomposition of non-stationary responses. Unlike conventional segmented rainflow counting methods, the proposed 

framework does not treat segmentation as a simple local windowing strategy. Instead, the non-stationary response is 



first decomposed into statistically meaningful quasi-stationary states according to the evolution of local statistical 

characteristics. The switching behavior among different states is then modeled using a Markov-chain-based state-

transition framework. Consequently, the proposed method distinguishes not only local cycles within stationary states, 

but also transition-induced macroscopic cycles generated by stochastic state evolution. 

The basic idea of the method is as follows. First, according to the statistical characteristics of the response, the 

whole non-stationary response is divided into several response state segments that are approximately stationary in terms 

of mean and variance. Then, the three-point rainflow counting method is independently applied within each state 

segment to identify local cycles, yielding the intra-segment cycle set. Subsequently, each state segment is compressed 

into a representative upper–lower envelope extreme point to construct a state-mean sequence, and rainflow counting 

is performed again on this sequence to identify additional cycles caused by state transitions. 

The resulting dual-layer cycle information preserves both the high-frequency small-amplitude cycles within non-
stationary segments and the low-frequency large-amplitude cycles induced by wind-field switching, which facilitates 
subsequent evaluation of the fatigue effects of non-stationary responses on structural components. For clarity, let a 

certain response component be denoted as  tot( ), 0,x t t T . 

(1) General Non-Stationary Stochastic Process Model 

Mathematical Characteristics of Non-Stationarity 

Let ( )x t  be a stochastic process defined over the interval  0,T . Its first- and second-order statistical moments 

are respectively given by: 

 2 2( ) [ ( )], ( ) [ ( ) ( )]t x t t x t t  = = −E E  (7) 

If the following conditions are satisfied: 

( ) ( ) ( ) ( )2 2

1 2 1 2 , t t t t      (8) 

Then the process is termed non-stationary. More generally, if the covariance: 

( ) ( ) ( )1 2 1 2,xR t t x t x t=   E  (9) 

If it does not depend solely on the time lag 1 2t t− , the process is second-order non-stationary. 

Many natural excitations (such as wind speed, traffic flow, ocean waves, and temperature variations) exhibit this 
characteristic, implying that their cyclic features are no longer generated by a single stationary process but instead consist 
of multiple statistical stages. 

A general non-stationary process can be well approximated as a concatenation of several stationary processes along 
the time axis. 

( ) ( )
1

( ) ( )
q

i i i i

i

x t m y t I t
=

= +  S  (10) 

where:  1,i i it t−=S  denotes mutually non-overlapping time intervals; ( )iy t  is a stationary process with zero 

mean and unit variance; im  and i  are respectively the mean and standard deviation of the i -th segment; q  is the 

number of segments; and ( )I   is the indicator function. 

Non-stationarity arises from abrupt or gradual variations of statistical properties over time. More generally, it can 
also be expressed in the spectral representation form: 

1

( ) ( ) ( ),
q
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i i i

i

x t H e dW t 


−
=

=  S  (11) 

This indicates that each segment possesses its own frequency structure. Regardless of the representation adopted, 

the central idea remains that a continuous non-stationary process is composed of a finite number of stationary processes. 

This forms the mathematical basis for the subsequent state construction, transition modeling, and the dual-layer rainflow 

counting method. 

(2) Non-Stationary Segmentation and State Construction 



To identify the stationary segments in Eq. (10) from the actual time history, this study adopts a strict definition of 

stationarity to segment the response record, i.e., the original time history is divided into several subsequences that can 

be regarded as stationary in a statistical sense. Within each subsequence, the mean and variance of the response should 

vary slowly with time or remain approximately constant, rather than fluctuate rapidly. 

The specific procedure is as follows. 

① Estimation of local statistical quantities 

For the response ( )x t , a moving window of length L  is introduced, and the local mean and variance within the 

window are calculated as: 

1
( ) ( )

t L

t
t x d

L
  

+

=   (12) 

2 21
( ) [ ( ) ( )]

t L

t x t d
L
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+

= −  (13) 

② Stationarity criterion 

The local stationarity condition is defined as: 

| ( ) ( ) | , | ( ) ( ) |t L t t L t      + −  + −   (14) 

where   and   denote the allowable thresholds for variations in the mean and variance, respectively. 

Continuous time intervals satisfying the above condition are regarded as stationary segments (state segments). 

③ Non-stationary boundary identification 
If the following situations occur, a state transition is considered to take place and segmentation is performed at that 

point: a sudden change in the mean | |    , or a sudden change in the variance | |    . The final result is 
beg end beg end 

1 1 20 Kt t t t T=  =   =L , meaning the response is divided into K  stationary subsections kS . Each subsection 

can then be regarded as a statistical state. 

(3) Markov Chain Modeling 

Let the state evolution of the non-stationary process be represented by the sequence 1 2 qS S S→ → →L . In the 

proposed framework, the introduction of the Markov chain is not merely for describing the state-switching process 
qualitatively. More importantly, it provides a quantitative mechanism for determining the residence behavior and 
transition intervals of different response states. Since transition-induced cycles must originate from actual state-
switching regions in the original response history, identifying the representative transition interval is essential for 
constructing physically meaningful state-layer cycles. The Markov-chain-based residence-time distribution therefore 
serves as the theoretical basis for locating transition-cycle regions in the non-stationary response. When the transition 
rule of the state depends only on the current state and is independent of earlier historical states, the sequence satisfies 
the Markov property, and its conditional probability can be expressed as: 

   1 1 1Pr , , Prk k k k kS j S i S S j S i+ − += =  = = =∣ ∣  (15) 

This assumption has clear physical and statistical foundations. First, each state ( ),i i iS m =  can fully characterize 

the main statistical features of the process within the corresponding time interval, such as the mean, variance, or energy 
distribution; therefore, the current state itself already contains the essential information required to describe future 
evolution. Second, state transitions in a non-stationary process are typically triggered by abrupt changes in external loads 
or system conditions, and such triggering mechanisms generally depend only on the current system state rather than on 
earlier history. Finally, the non-stationary behavior of many engineering systems exhibits finite memory, and the state 
transition mechanism can be effectively described by first-order conditional dependence. 

Based on these considerations, the state sequence can be regarded as a first-order Markov chain. Since the number 
of states is finite, a transition matrix can be constructed. This transition matrix comprehensively characterizes the 
transition probabilities among different states, thereby providing a well-defined and quantifiable framework for 
modeling non-stationary processes. 

Define the transition probability as: 



 1Prij k kS j S i += = =∣  (16) 

which forms the transition matrix: 
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where 0ij   and 1j i j =  denote the states, and the state residence time iT  can be obtained from the 

length of iS . The mean level of each state segment km , the jump amplitude between states 1k km m+ − , and the back-

and-forth switching process between states are precisely what generate the large-scale cycles in the non-stationary 
process. 

The Markov chain matrix is derived from statistical analysis of the state sequence of the non-stationary response. 
First, based on the definition of stationarity, the original non-stationary sequence is divided into multiple stationary 

states to obtain the state sequence ( )y k . Then, the actual number of transitions from state i  to state j  is counted 

to form the counting matrix F . By normalizing each row, the transition probability matrix P  is obtained, i.e., 

ij

ij

ij

j

F
p

F
=
  (18) 

The transition matrix describes the switching behavior of the non-stationary load among different states and 

constitutes the core of the Markov chain construction. It can be used not only to estimate the average residence time of 

each state, but also to directly obtain the number of transition cycles through the Markov–Rainflow method. In this way, 

the state transitions of the load are combined with fatigue cycles, enabling the establishment of a non-stationary rainflow 

counting model. 

(4) Time-Domain–State Dual-Layer Rainflow Counting Method  

Based on the above segmentation, state sequence, and switching structure, this section proposes a dual-layer cycle 

identification framework. The method classifies cycles into: Time-layer(intra-segment) cycles: cycles generated by the 

stationary process within each state segment; State-layer cycles: additional cycles caused by mean-value changes 

between different states, thereby providing a comprehensive characterization of the cyclic structure of the non-

stationary process. 

For the response sequence within each state segment iS , the three-point rainflow counting method is performed 

to obtain the set of closed cycles of the locally stationary segment: 

( ) in in in in 

, ,, 1, ,i i r i r iA M r N= = ∣C  (19) 

where 
in

,i rA  denotes the amplitude, 
in

,i rM
 represents the mean value, and 

in

iN  is the number of intra-segment cycles. All 

intra-segment cycles can be collectively expressed as: 

in in 

1

q

i

i=

=UC C  (20) 

Take the mean value im  of each state segment to construct the sequence: 

( ) , 1, ,
kS

y k m k q= =   (21) 

Perform three-point rainflow counting on the sequence ( )y k : 

( ) low high rf, ,i j ijm m n
 

(22) 

These cycles represent the back-and-forth variation of the state mean level, i.e., the macroscopic cycles of the non-

stationary process. Their characteristics are: they are generated by transitions between states and correspond to signals 



with large amplitude and low frequency. At this stage, only the state-layer is used to determine which state pairs form 

cycles and their counts-equivalent to performing an abstract rainflow counting on the Markov state sequence-without 

directly yielding the actual response cycle amplitudes. 

To relate the state-layer cycles to the real stress/displacement amplitudes, the Markov transition matrix ijP p =    

and the state residence-time information obtained in the previous subsection are required. For an arbitrary state i , 

when the system is in this state, the probability that it remains in state i  in the next step is iip ; therefore, the single 

continuous residence length iL  follows a geometric distribution: 

( ) ( )1 1 , 1,2,i ii iiP L p p−= = − = ll l  (23) 

Its tail probability is given by: 

( ) 1n

i iiP L n p − =  (24) 

It represents the probability that the process remains in state i  for at least n  sampling points. To ensure that 
the extracted extrema are representative, this study utilizes the tail probability property of the geometric distribution 
and sets the residence-length coverage probability to 95%, i.e., only extremely long residence durations with probability 
not exceeding 5% are regarded as tail events. The obtained residence-length bound can therefore be considered the 
typical time range for exiting a state, ensuring that the transition-cycle amplitudes originate from the state switching 
itself rather than from abnormal points caused by excessively long residence. Accordingly, the typical exit-window length 

of state i  is determined from 1in

iip −
= . 

ln
1

ln
i

ii

n
p


= +  (25) 

Similarly, for entering state j , the entry-window length jn  can be obtained from jjp . In this way, the typical 

range of state residence length is fully determined by the geometric distribution, avoiding subjective selection of the 
window size. 

In constructing each state-layer transition cycle, the corresponding time interval is first determined using the state 

sequence ( )S t . Suppose a transition from state i  to state j  occurs within the time interval , ,i i j jt t t t− + − +   →    ; then, 

within the lower state segment i , only the tail portion is considered. 

( )min , 1,i i i i it L n t− + +  = − +   (26) 

Within this typical exit window, a representative valley is identified; within the high-state segment j , only the 

initial portion is considered. 

( ), min , 1j j j j jt t L n+ − −  = + −
   

(27) 

Within this typical entry window, a representative peak is identified, where iL  and jL  denote the actual 

residence lengths of the current stay. Let the original response be ( )x t ; then define: 

* *min ( ), max ( )
i j

i jt t
v x t p x t− + 
= =  (28) 

Accordingly, the transition-cycle amplitude and mean value corresponding to this state switch are constructed as: 
* *

tr * * tr,
2

j i

ij j i ij

p v
A p v M

+
= − =  (29) 

The above procedure indicates that the state-layer rainflow counting consists of two steps: abstract counting and 
physical assignment. The former performs three-point rainflow counting on the state-mean sequence and, based on Eq. 
(22), determines the cyclic relationships and occurrence numbers between different state pairs. The latter uses the self-

transition probabilities iip  and jjp  in the Markov transition matrix to define the typical time scale of residence length. 

Within the window determined by the geometric distribution, local extrema closely associated with state switching are 

extracted from the original response, thereby obtaining transition-cycle amplitudes ( )tr tr,ij ijA M  with clear physical 

meaning. These transition cycles reflect the back-and-forth variation of the state mean level, i.e., the macroscopic cycles 



of the non-stationary process. Their characteristics are that they are generated by transitions between states and 
correspond to signals with large amplitude and low frequency. Finally, the intra-segment cycles in the time layer and the 
switching cycles in the state layer together constitute the complete cycle structure: 

in tr = +C C C  (30) 

The non-stationary process is decomposed into two types of cycle sources: small-scale cycles caused by turbulence 

within stationary segments and large-scale cycles induced by state transitions, thereby clearly distinguishing state-layer 

cycles from local-layer cycles. The Markov chain is used to establish the sequential structure of state switching, while 

rainflow counting identifies closed cycles from the sequence. The method is applicable to various non-stationary signals, 

including non-stationary wind-induced responses. 

3. Numerical Examples 

Under non-stationary random vibrations, fatigue cycles evolve over time, and their peak-valley sequences do not 

satisfy the stationarity assumption. Existing methods cannot directly obtain an accurate stress cycle distribution as a 

benchmark solution. Therefore, Example 1 presents an approximately stationary response by constructing conditions 

with sufficiently long stationary segments and minimal state transitions, making the overall response nearly stationary. 

In this case, the traditional rainflow counting method can be considered a benchmark solution. By comparing the 

proposed method with the traditional rainflow counting method, the accuracy of the dual-layer rainflow counting 

method can be verified. 

Furthermore, Example 2 considers a constructed non-stationary stochastic response with pronounced time-varying 

statistical characteristics. The response sequence is generated by concatenating several stationary random processes 

with significantly different mean and variance characteristics according to a pre-defined state transition rule, thereby 

exhibiting evident non-stationarity and state-switching behavior. Under such conditions, the traditional rainflow 

counting method cannot distinguish local cycles within individual stationary segments from large-amplitude cycles 

induced by transitions between different statistical states. In contrast, the proposed method can separately identify the 

state transition cycles while simultaneously obtaining the complete cycle spectrum of the response. Through comparison 

of the two methods, the limitations of the traditional rainflow counting method in handling non-stationary processes, as 

well as the necessity and effectiveness of the proposed method, can be clearly demonstrated. 

3.1 Fatigue Assessment of Approximate Stationary Response 

To verify the accuracy of the time-domain–state dual-layer rainflow counting method proposed in this study, 

Example 1 constructs a typical weakly non-stationary response scenario. This scenario is formed by concatenating three 

stationary random processes in chronological order. The specific details are provided in Table 1: 

Table 1. Information of Different Sub-segments of the Signal 

Sub-segment Time Interval Mean Variance State Category 

Sub-segment 1 0-250 0 1 1 

Sub-segment 2 250-270 0.5 1.05 2 

Sub-segment 3 270-600 0 1 1 

As shown in the table, Sub-segment 1 and Sub-segment 3 have identical statistical characteristics (mean of 0 and 

standard deviation of 1), while Sub-segment 2 exhibits slightly higher mean and variance, which can be considered a 

short-term disturbance. The overall 600-second response formed by concatenating these three segments can still be 

approximately regarded as a stationary process. This construction allows the cycle results obtained by the traditional 

rainflow counting method to be used as a benchmark solution, thereby verifying the accuracy of the time-domain–state 

dual-layer rainflow counting method. The response signal time history and the mean step plot are shown in Figure 2. 



  
(a) Original response and its segmentation (b) Mean step plot for different sub-segments 

Figure 2: Segmentation of Approximate Stationary Response 

Figure 2 illustrates the segmentation of the approximate stationary response. (a) shows the original non-stationary 

response along with the three quasi-stationary segments obtained based on the definition of stationarity. (b) presents 

the stepwise representation of the mean values of the different sub-segments over time, providing an intuitive visual of 

the variation in mean levels between the segments. 

The sampling frequency is 10Hz, and the length of the corresponding time history sequence is N=6000. Of these, 

state 1 occupies 5800 points, and state 2 occupies 200 points. From the perspective of a probabilistic model, this state 

sequence can be equivalently understood as a two-state chain: the response stays in state 1 for most of the time and 

only transitions briefly to state 2 during disturbances, before quickly returning to state 1. This behavior can be 

represented by constructing a counting matrix F  using adjacent sample pairs in the state sequence. By traversing ( )S t

, the state count is determined, and the counting matrix is obtained as: 

11 12 1

21 22 2

1 1 5799 1

1 1 1 199

f f L
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The total number of samples in state 1 is 1L , and the total number of samples in state 2 is 2L . Further normalization 

of the rows yields the state transition probability matrix corresponding to this example: 
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(a) Amplitude histogram (b) Rainflow cycle diagram 
Figure 3: Traditional Rainflow Counting Method 

Figure 3 shows the cycle characteristic distribution obtained using the traditional three-point rainflow counting 

method for the concatenated approximate stationary response. The cycle amplitudes are primarily concentrated in the 

0-3.5MPa range. 



  

(a) Amplitude histogram (b) Rainflow cycle diagram 
Figure 4: Dual-Layer Rainflow Counting Method 

Figure 3 (a) and 4 (a) show similar distribution patterns for both methods, but there are slight differences in the 

cycle counts within the intervals. This difference is not due to the signal's randomness but rather because the dual-layer 

rainflow counting method treats the three segments as independent quasi-stationary segments, performing rainflow 

counting separately within each segment and independently identifying peaks and valleys. This segmentation alters some 

of the peak-valley matching relationships, causing small-value cycles that would have otherwise been paired across 

segments to be confined within each segment, resulting in slight variations in the small-cycle counts compared to the 

traditional method. This is an inherent difference in the algorithm between segmented and continuous rainflow counting. 

Additionally, in the high-amplitude region, the dual-layer method shows slightly higher values, as it accounts for 

additional stress cycles induced by state transitions, which typically have high amplitudes and low frequencies. 

Figure 3 (b) and 4 (b) present the 3D rainflow cycle diagrams obtained from the traditional and dual-layer rainflow 

counting methods. Overall, the cycle counts in different intervals are largely consistent, with a concentration around the 

mean stress of zero, and a gradual decrease in cycle counts as the amplitude increases, reflecting the typical 

characteristics of narrowband random vibration. There are differences in the small- and high-amplitude ranges between 

the two methods, which are explained above. 

 

Figure 5: Comparison of Cumulative Stress Cycle Counts 

Figure 5 compares the cumulative cycle count curves C(r) obtained from the traditional and the dual-layer rainflow 

counting methods. The two curves almost overlap over nearly the entire amplitude range, indicating a very high 

consistency in identifying cycles within the main fatigue-relevant region. In the small-amplitude range, the difference is 

negligible. As discussed previously, this slight deviation arises because the dual-layer method performs rainflow counting 

separately in quasi-stationary segments, slightly altering peak–valley matching and redistributing a small number of low-

amplitude cycles. Since their quantity is extremely small relative to the total cycles, the effect is barely visible in the 

cumulative curve. 



In the 4–5.5MPa range, the cumulative curve from the dual-layer method is slightly higher than that of the 

traditional method, with the difference concentrated in the tail. This is because the dual-layer rainflow counting method 

can identify additional large-amplitude transition cycles at state-switching points, whereas these cycles are typically 

absorbed by local peak–valley pairing in the traditional method and do not form independent large cycles. Although the 

difference is minor for approximately stationary conditions and has limited influence on the overall stress cycles, it 

demonstrates that the proposed method can capture state-transition effects that the traditional approach cannot 

explicitly represent. 

After obtaining the stress cycles identified by both methods, their influence on structural fatigue performance must 

be quantified. A classical high-cycle fatigue model based on the S–N curve, combined with Miner’s rule, is adopted to 

calculate the fatigue damage corresponding to each counting method and evaluate the engineering significance of their 

differences. 

In this example, to facilitate comparison between different cycle counting methods, the material parameters are 

taken as 3m=  and 121.0 10C =  . The fatigue damage and corresponding fatigue life obtained from the two methods 

are calculated, and the fatigue contribution at different stress amplitudes is shown in Figure 6. 

 

Figure 6: Comparison of Cumulative Stress Cycle Counts 

Figure 6 shows the fatigue damage contributions obtained by the traditional rainflow counting method and the 

dual-layer rainflow counting method across different stress amplitude ranges. The overall damage distribution trends of 

the two methods are essentially consistent, verifying the accuracy of the proposed approach. Fatigue damage is mainly 

concentrated in the stress amplitude range of approximately 2.0–4.0MPa. The dual-layer rainflow counting method 

yields slightly higher fatigue contributions because it explicitly identifies transition cycles generated near state-switching 

points, which typically have relatively large stress amplitudes. However, under approximately stationary conditions, their 

overall proportion is low, resulting in a limited influence on total life-cycle damage. The fatigue damage and life 

predictions from both methods are summarized in Table 2. 

Table 2. Fatigue Life Evaluation by Different Methods 

Method Fatigue Damage Ratio Fatigue Life Variance 

RFC 6.07×10-9 

1：1.006 
1.648×108 

1：0.992 
TSD-RFC 6.11×10-9 1.636×108 

Table 2 presents the total fatigue damage and the corresponding equivalent fatigue life obtained by the two 

methods. The damage ratio is approximately 1:1.006, and the life ratio is about 1:0.992, with differences within 1%. This 

indicates that, for the approximately stationary response constructed in this example, the traditional rainflow counting 

method can be regarded as an accurate benchmark solution, while the dual-layer rainflow counting method shows 

negligible deviation in both the overall cycle spectrum and fatigue damage evaluation, thereby confirming its accuracy 

and effectiveness. 



The dual-layer rainflow counting method remains highly consistent with the benchmark solution without relying on 

global stationarity, demonstrating that it does not introduce significant additional computational error. This example 

verifies the computational accuracy of the TSD-RFC method and provides a reliable basis for subsequent analyses under 

typical non-stationary loading conditions. 

3.2 Fatigue Assessment of Non-Stationary Response 

To analyze the applicability of the proposed time-domain–state dual-layer rainflow counting method under typical 

non-stationary loading, this section constructs a non-stationary stochastic process with significant time-varying mean 

and variance characteristics. This scenario is formed by concatenating five stationary random processes with significantly 

different statistical characteristics in chronological order, resulting in a typical strongly non-stationary response 

sequence. The information for each subsegment is shown in Table 3. 

Table 3. Fatigue Life Evaluation by Different Methods 

Sub-segment Time Interval Mean Variance State Category 

Sub-segment 1 0-120 2 1 1 
Sub-segment 2 120-240 4 4 2 
Sub-segment 3 240-360 8 16 3 
Sub-segment 4 360-480 4 4 4 
Sub-segment 5 480-600 2 1 5 

As shown in the table, the statistical characteristics of the signal exhibit a typical high in the middle and low at both 

ends pattern: Segment 3 has the highest mean and variance, corresponding to large-amplitude vibration; Segments 1 

and 5 have the lowest mean and variance, corresponding to weak vibration; and Segments 2 and 4 serve as transition 

stages. Together, they form a clearly non-stationary time-varying trend. 

The sampling frequency is 10Hz, giving a total of N=6000 data points. Each of the five subsegments lasts 120s, 

causing the 600s response to exhibit gradually changing statistical properties over time. The original response time 

history and its state segmentation are shown in Fig. 7. 

  

(a) Original response and its segmentation (b) Different stationary subsegments 
Figure 7: Segmentation of Non-Stationary Response 

Figure 7 presents the complete non-stationary response, showing a time-varying mean that changes stepwise over 
time. The significant variations in mean and variance indicate strong non-stationarity in the original signal and serve as 
an important source of large-amplitude transition cycles across states. 

Because the statistical properties of the five segments are all different, the corresponding state sequence is 
( ) {1,2,3,4,5,6,7,8,9}S t  . Each state represents a statistically stable stationary subsegment. When the response 

transitions from segment k  to segment 1k + , abrupt changes in mean and variance occur, generating additional large-
amplitude transition cycles in the stress series. The nine states appear sequentially and do not overlap. By traversing the 
state sequence once using adjacent sample pairs, the state transition counting matrix F can be obtained. Within each 

stationary subsegment, only the self-transition k k→  occurs, repeated 1kL −  times, while at the boundary between 

adjacent segments only a single transition 1k k→ +  occurs. Thus, we obtain: 
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Substituting the values 1200kL =  from this example, it can be further expressed as: 
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According to the definition of a Markov chain, the state transition probability matrix P  can be obtained by 
normalizing each row of F , i.e., 

0.9992 0.0008 0 0 0
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By directly applying the three-point rainflow counting method to the complete non-stationary response, the 

resulting cycle amplitude histogram and the three-dimensional rainflow spectrum are shown in Figure 8. 

  
(a) Amplitude histogram (b) Rainflow cycle diagram 

Figure 8: Traditional Rainflow Counting Method 

Figure 8 presents the cycle amplitude distribution and the three-dimensional rainflow spectrum obtained by directly 

applying the traditional three-point rainflow counting method to the typical non-stationary response constructed in 

Example 2. The cycle amplitudes are mainly concentrated in the 0–15MPa range. 

Using the TSD-RFC method, rainflow counting is first performed independently within each subsegment to obtain 

the intra-segment cycle spectrum, and then applied to the state-transition process to obtain the transition cycles. The 

complete cycle spectrum is finally synthesized, and its amplitude histogram and three-dimensional rainflow spectrum 

are shown in Figure 9. 



  
(a) Amplitude histogram (b) Rainflow cycle diagram 

Figure 9: Dual-Layer Rainflow Counting Method 

Figure 9 presents the cycle distribution obtained using the time-domain–state dual-layer rainflow counting method 

for the non-stationary response. Figure 8 (a) and 9 (a) compare the cycle amplitude histograms obtained by the 

traditional rainflow counting method and the dual-layer method in Example 2. The overall shapes are similar, but clear 

differences appear in the high-amplitude and medium–low-amplitude ranges. The dual-layer method processes the 

signal by segments and separately identifies state-layer cycles at switching points, preserving additional transition cycles 

generated by abrupt changes in mean and variance. These transition cycles usually have large amplitudes, leading to 

extra high-amplitude cycles in the dual-layer results. 

In the medium–low amplitude range, the overall distributions remain consistent. The slight differences arise 

because the dual-layer method performs rainflow counting independently within each subsegment, causing minor 

changes in peak–valley pairing compared with whole-record processing. These differences are not methodological errors 

but a consequence of segmentation-induced peak–valley reorganization, and their quantity is small, having no 

substantial effect on the overall cycle characteristics. 

Fig. 8 (b) and 9 (b) show the three-dimensional rainflow cycle diagrams obtained by the traditional and dual-layer 

methods. Overall, the cycle distributions in different regions remain largely consistent, both concentrated around an 

average stress of approximately 6MPa, with cycle counts gradually decreasing as amplitude increases. Differences appear 

mainly in the small- and high-amplitude ranges, for the same reasons discussed above. 

 
Figure 10: Comparison of Cumulative Stress Cycle Counts 

Fig. 10 shows the cumulative stress cycle count curves C(r) obtained by the traditional rainflow counting method 

and the time-domain–state dual-layer rainflow counting method. Both curves exhibit a typical monotonically decreasing 

trend over the entire amplitude range, indicating overall consistency in cycle identification. However, slight but 

interpretable differences appear in the high-amplitude range, reflecting the different cycle mechanisms captured by the 

two counting approaches under non-stationary loading. 



After completing the cycle identification using the traditional rainflow counting and the dual-layer rainflow counting 

methods, the cycles must be converted into quantitative indicators of structural fatigue response, with parameters 

referring to Section 3.1. The fatigue damage and fatigue life obtained by the two methods, as well as the fatigue 

contribution at different stress amplitudes, are shown in Fig. 11. 

 
Figure 11: Comparison of Fatigue Damage Contributions 

Fig. 11 presents the fatigue damage contributions of the traditional RFC and the TSD-RFC methods across different 

stress amplitude ranges. In the 2–14MPa range, the bar charts from the two methods are highly consistent, with only 

slight fluctuations. This is because TSD-RFC performs rainflow counting independently within each quasi-stationary 

segment, while the peak–valley structure inside each segment differs only minimally from whole-record processing and 

does not introduce additional fatigue error. 

In the high-amplitude range, the fatigue damage predicted by TSD-RFC is noticeably higher than that from the 

traditional RFC. This occurs because the traditional RFC mixes abrupt transition points with neighboring extrema, making 

it difficult for them to form independent large cycles. In contrast, TSD-RFC identifies cross-segment transition cycles 

separately at the state layer, preserving these additional high-amplitude cycles. Although the number of tail cycles is 

small, their damage contribution is significant. The fatigue damage and life evaluations from both methods are 

summarized in Table 4. 

Table 4. Fatigue Life Evaluation by Different Methods 

Method Fatigue Damage Ratio Fatigue Life Variance 

RFC 9.8×10-8 
1：1.16 

1.02×107 
1：0.863 

TSD-RFC 1.14×10-7 8.8×106 

Table 4 compares the total fatigue damage and corresponding equivalent fatigue life obtained by the traditional 

RFC and the TSD-RFC methods for Example 2. The damage ratio is approximately 1:1.16 and the life ratio is about 1:0.863, 

corresponding to differences of 16% and 14%, respectively. 

At the junctions of time segments with different statistical characteristics, abrupt changes in the response mean 

and standard deviation generate spike-type large stress cycles. In the traditional method, pairing is performed within a 

unified peak–valley pool, so these abrupt variations are absorbed by surrounding local extrema and rarely form 

independent large cycles. In contrast, TSD-RFC explicitly identifies these transition cycles at the state layer. By 

decomposing the signal into quasi-stationary segments and introducing additional cycle identification at state-switching 

points, it captures high-amplitude cycles missed by the traditional approach. For high-cycle fatigue, the damage weight 

increases in a power-law manner with stress amplitude; therefore, even a small number of such cycles significantly affects 

the total damage. Hence, under typical non-stationary loading, TSD-RFC is necessary as a complement to the traditional 

RFC. The method improves cycle identification accuracy and provides a more robust basis for fatigue reliability 

assessment. 



4. Fatigue Damage Study of Suspension Bridge Under Buffeting 

4.1 Engineering Model and Dynamic Analysis 

(1) Bridge Description 

The engineering example considered in this study is a long-span suspension bridge located in a mountainous region. 

The main span of the bridge is 420m, and the total bridge length is 560m. Fig. 12 illustrates the general bridge layout and 

the cross-sectional configuration of the main girder. 

The main girder adopts a steel truss stiffening-girder configuration with a total width of 13.3m and a girder height 

of 3.6m. The bridge deck consists of an 8m-wide traffic lane and two 1.5m-wide sidewalks. Due to the complex 

mountainous wind environment, the bridge is susceptible to significant non-stationary wind-induced vibration 

responses. 

The global coordinate system is defined as follows: the X-axis represents the longitudinal bridge direction, the Y-

axis represents the lateral bridge direction, and the Z-axis represents the vertical direction.The studied engineering case 

is a steel truss suspension bridge located in the mountainous region of western China, with a span of 420m. Specific 

dimensions are shown in the figure. 

 
Figure 12: Suspension Bridge Elevation Diagram 

(2) Finite Element Model 

A three-dimensional finite element model of the suspension bridge was established in ANSYS for non-stationary 

buffeting and fatigue analysis, as shown in Fig. 13. 

 
Figure 13: Finite Element Model 



The bridge tower and stiffening girder were modeled using BEAM188 elements, while the main cables and hangers 

were simulated using tension-only LINK10 elements. The bridge deck was modeled using SHELL63 elements. 

The finite element model was discretized according to the spatial layout of the bridge members. The stiffening girder 

was divided according to the truss panel points, and different beam sections were assigned to the upper chords, lower 

chords, web members, transverse beams, diaphragms, and wind bracing members. The main cables were discretized 

into cable elements between adjacent cable nodes, while the hangers were modeled as vertical tension members 

connecting the main cable and the stiffening girder. The bridge deck slab was meshed using shell elements connected to 

the girder nodes to ensure displacement compatibility. 

The bridge tower was assumed to be constructed with C50 concrete, with an elastic modulus of 3.45×1010Pa, density 

of 2420kg/m3, and Poisson’s ratio of 0.24. The stiffening girder adopted steel material properties with an elastic modulus 

of 2.06×1011Pa, density of 7850kg/m3, and Poisson’s ratio of 0.30. The main cables were assigned an elastic modulus of 

2.0×1011Pa and a cross-sectional area of 0.09667m2. 

Rayleigh damping was adopted in the structural dynamic analysis, and the damping matrix was expressed as 

K+M=C   (36) 

where M and K denote the structural mass and stiffness matrices, respectively, while α and β are the Rayleigh 

damping coefficients. 

(3) Modal Characteristics and Boundary Conditions 

The main girder was connected to the bridge towers through coupling constraints in the lateral (Y), vertical (Z), and 

rotational (ROTX) degrees of freedom. The main cables were fixed at the tower tops through the saddle system, while 

the side-span cable ends were anchored to the surrounding mountain rock mass. The tower bases were assumed to be 

fully fixed. 

The corresponding boundary conditions are summarized in Table 5. 

Table 5. The corresponding boundary conditions 

Location UX UY UZ ROTZ ROTX ROTY 

Tower–girder 
connection 

Free Fixed Fixed Free Fixed Fixed 

Tower base Fixed Fixed Fixed Fixed Fixed Fixed 
Main cable at 

tower top 
Fixed Fixed Fixed - - - 

Side cable 
anchorage 

Fixed Fixed Fixed - - - 

The first ten modal frequencies and corresponding modal characteristics of the structure are listed in Table 6. The 

modal results indicate that the bridge exhibits coupled lateral, vertical, torsional, and cable vibration characteristics, 

which are typical dynamic features of long-span suspension bridges under wind excitation. 

Table 6. The first ten modal frequencies and corresponding modal characteristics 

Modal order Frequency /Hz Modal shape 

1 0.1821 1st symmetric horizontal vibration of main beam 
2 0.2215 1st anti-symmetric vertical vibration of main beam 
3 0.3127 1st symmetric vertical vibration of main beam 
4 0.4091 2nd symmetric vertical vibration of main beam 
5 0.4692 Main cable vibration 
6 0.4843 Main cable vibration 
7 0.5415 1st anti-symmetric torsional vibration of main beam 
8 0.5855 Main cable vibration 
9 0.5918 1st anti-symmetric torsional vibration of main beam 

10 0.6093 1st anti-symmetric torsional vibration of main beam 

(4) Stress Extraction Locations 



To evaluate the fatigue-cycle characteristics under non-stationary buffeting, stress-response time histories were 

extracted from critical truss members located near the mid-span region of the stiffening girder, where relatively 

significant wind-induced stress fluctuations were observed. 

The locations of the stress extraction elements are illustrated in Fig. 14. The selected members are sensitive to both 

local vibration responses and global state-transition-induced structural effects under non-stationary wind excitation. 

 
Figure 14: The Stress Extraction Location 

This model has been previously validated in our prior paper(Hu et al., 2025), and further details will not be repeated 

here. 

4.2 Non-Stationary Wind Field Simulation 

The wind field is simulated using the harmonic synthesis method, with a simulation duration of 600s and a time 

interval of 0.25s. The Kaimal and Davenport spectra are used to simulate the along-wind and vertical turbulent wind 

speeds. The wind speed simulation points are uniformly distributed along the length of the main girder, with a total of 

11 points, as shown in the figure. 

 
Figure 15: Simulation Point Loading Locations 

The stationary wind field is converted into a non-stationary turbulent wind field using modulation functions, which 

are then combined with time-varying mean wind speed to form the non-stationary wind field. The formulas for the 

modulation function and the time-varying mean wind speed are as follows(Zhang et al., 2025): 
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Where  =300,  =80000, and 0t =300, tD =600(Hu et al., 2025). 

The time-varying mean wind speed and along-wind non-stationary turbulent wind speed are shown in the figure 

below: 

  

(a) Fluctuating Wind Speed (Along-Wind Direction) (b) Time-Varying Mean Wind Speed 
Figure 16: Simulated Wind Speed 

As shown in the figure, both the average wind speed and the non-stationary fluctuating wind speed exhibit time-

varying characteristics. The time-varying power spectrum and the instantaneous power spectrum of the non-stationary 

fluctuating wind speed are illustrated as follows: 

  

(a) Time-varying PSD (b) t=240 s 
Figure 17: EPSD 

The simulated wind field is applied to the model through the three components of the flutter force for flutter 

analysis, with the specific formula as follows: 
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4.3 Fatigue Assessment Process 

The fatigue assessment in the present study was performed based on the stress-response histories extracted from 

critical truss members of the stiffening girder under non-stationary buffeting excitation. Rainflow counting was employed 

to identify the stress cycles, and Miner’s linear cumulative damage rule was adopted to evaluate the fatigue damage. 



For each identified fatigue cycle, the stress amplitude was defined as 

max min   = −  (41) 

where max  and min  denote the maximum and minimum stresses within the cycle, respectively. 

Considering the influence of mean stress under asymmetric stress cycles, the Goodman fatigue limit model was 

adopted to convert the asymmetric stress cycles into equivalent stress amplitudes under symmetric loading 

conditions(Guan et al., 2026): 
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where b  denotes the ultimate tensile strength of the steel wire,   is the stress range of the fatigue cycle, and 

max  is the maximum stress within the cycle. 

The fatigue life corresponding to the equivalent stress amplitude was calculated using the adopted S–N 

relationship(Guan et al., 2026): 

( )lg 3.5305 0.0966lg 2eq fN = −
 

(43) 

where eq  is the equivalent stress amplitude and fN  is the number of cycles to failure. 

The cumulative fatigue damage was calculated according to Miner’s linear cumulative damage rule: 
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where in  and iN  represent the actual number of cycles and the allowable number of cycles corresponding to 

the i-th stress-amplitude level, respectively. 

It should be noted that the fatigue damage obtained from the 600s non-stationary buffeting simulation is mainly 

used to characterize the relative short-term fatigue-damage characteristics under non-stationary wind excitation. The 

primary purpose of the present study is to investigate the influence of transition-induced cycles on fatigue-damage 

evaluation and the differences among various rainflow counting frameworks in identifying non-stationary fatigue cycles. 

A complete long-term fatigue-life assessment would further require consideration of long-term wind-climate 

statistics, annual wind occurrence probabilities, long-term operational exposure duration, and cumulative effects under 

multiple wind environments. This issue will be further investigated in future work. 

4.4 Component Fatigue Assessment 

In this engineering case, the maximum damage to the main cable occurs under buffeting(Hu et al., 2025). Therefore, 

this study focuses on the fatigue damage of the main cable under the influence of a 10m/s non-stationary wind field. The 

stress response of the main cable under this wind speed condition and the segmentation of the stationary segments are 

shown in the figure. 

  

(a) Original response and its segmentation (b) Different stationary subsegments 
Figure 18: Segmentation of Non-Stationary Buffeting 



As shown in the figure, the response time history exhibits strong non-stationary characteristics, with different 

subsegments having varying mean values, the maximum difference being approximately 7.2MPa. If traditional rainflow 

counting is directly used for stress cycle statistics, the abrupt points at segment transitions will be absorbed by nearby 

local peaks and valleys, preventing the formation of independent large-amplitude cycles. Therefore, both the traditional 

rainflow counting method and the dual-layer rainflow counting method are applied to perform stress cycle statistics for 

the non-stationary response. The results are shown in the figure. 

 
Figure 19: Comparison of Stress Cycle Values 

It can be observed that in the lower amplitude stress cycle range, the two methods show little difference. However, 

in the high-amplitude stress cycle range, the dual-layer rainflow counting method yields higher values and a greater 

number of cycles compared to the traditional rainflow counting method. Based on the main cable's S-N curve, the 

difference in fatigue damage values between the two methods is calculated. The specific fatigue damage values for the 

main cable under different wind speed conditions are shown in the table below: 

Table 5. Fatigue Damage Evaluation by Different Methods 

Wind speed Method Fatigue damage 

10m/s 
RBF 1.72×10-9 

TSD-RBF 1.87×10-9 

15m/s 
RBF 8.4×10-9 

TSD-RBF 9.19×10-9 

20m/s 
RBF 3.6×10-8 

TSD-RBF 4.01×10-8 

5. Conclusion 

This study proposes a TSD-RFC method for accurately assessing the fatigue damage of suspension bridges under 

non-stationary wind loads. The proposed framework demonstrates that fatigue cycles in non-stationary responses are 

generated not only by local stochastic fluctuations within stationary states, but also by stochastic state transitions 

between different response regimes. This provides a new perspective for fatigue-cycle characterization under non-

stationary wind-induced vibrations. 

(1) The paper presents a dual-layer rainflow counting method that combines time-domain state segmentation with 

traditional rainflow counting. By decomposing the non-stationary response into multiple quasi-stationary segments, the 

classical rainflow counting method is applied within each segment, while state transition cycles are identified during the 

transition intervals, enabling precise identification of fatigue cycles under non-stationary wind loading. 

(2) Through a comparison with traditional rainflow counting, the results show that the TSD-RFC method outperforms 

the traditional method in terms of accuracy. Particularly in high-amplitude stress cycles, TSD-RFC effectively distinguishes 

additional large-amplitude stress cycles caused by state transitions, whereas the traditional rainflow counting method 



tends to merge these transition cycles with adjacent local peak-valley cycles, leading to incomplete cycle identification 

or misjudgment of amplitude. 

(3) When evaluating the fatigue damage of the main cable under non-stationary wind loads on a suspension bridge, 

particularly at a wind speed of 20m/s, the TSD-RFC method results in significantly higher fatigue damage values compared 

to traditional rainflow counting. At a wind speed of 20m/s, the fatigue damage calculated by TSD-RFC increases by 

approximately 11.39%, indicating that the TSD-RFC method can more accurately identify and quantify the additional 

fatigue damage caused by wind speed fluctuations and state transitions, especially under high wind speed conditions. 
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