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Abstract

The harsh operating environment of large slewing bearings subjects the bearing
raceways to variable loading conditions, leading to progressive performance
degradation and reduced accuracy in remaining useful life prediction. In this study, a
nonlinear state-space prediction model is developed to characterise the random effects
of multiple degradation features on different degradation states under random raceway
stress. An adaptive enhanced auxiliary particle filter algorithm is introduced to improve
state estimation accuracy by mitigating the sample degeneracy and scarcity associated
with conventional auxiliary particle filter algorithms. Bayesian hyperparameter
optimisation is employed to identify the random-stress parameters, and the proposed
framework is evaluated based on vibration, temperature, and torque measurements
collected from a wind-turbine slewing bearing. Comparative results demonstrate that
the joint modelling of random stress and feature—state interactions improves Remaining
useful life (RUL) prediction accuracy and provides more reliable support for condition-

based maintenance of wind-turbine slewing bearings.

Keywords: Remaining useful life (RUL) prediction; Wiener process; Hybrid model;
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1 Introduction

Slewing bearings play a critical role in industrial applications, particularly in wind
power generation. They support rotating components and withstand dynamic loads,
making their reliable operation essential for maintaining system performance and
operational efficiency. However, during operation, wind-turbine slewing bearings are
frequently exposed to harsh environmental conditions, emergencies, and random load
variations. These factors can promote uneven bearing wear and system degradation,
ultimately leading to equipment failure, economic losses, and safety hazards!!. To
address these challenges, prognostics and health management technologies [>*! and
RUL prediction [*°! have been adopted as key tools for assessing the condition of wind-
turbine slewing bearings and supporting timely maintenance decisions.

Existing RUL prediction strategies can be broadly classified into physics-based,
data-driven, and hybrid approaches!®. For the physics-based approach, Lundbery!”
established the classical rolling-contact fatigue framework. Building on Lundbery’s
research, Ioannides!®! developed a model correlating rolling-contact fatigue life with the
reliability of bearings. Zaretsky! subsequently refined the Lundbery model by
adopting the maximum shear stress as the characteristic stress, while neglecting the
influence of stress depth on bearing service life. Zhou!!%!!l established a load-bearing
life prediction model based on fracture mechanics, which accounts for crack initiation
and propagation. The reliability of physics-based RUL prediction depends largely on
the accuracy of the underlying degradation model. However, for large slewing bearings,
geometric complexity, variable loading conditions, and limited access to material and
contact parameters make online model calibration difficult and expensive. Moreover,
establishing dedicated experimental test platforms is often prohibitively expensive.
These challenges restrict experimental validation and hinder the practical application
of physics-based RUL prediction.

Unlike physics-based approaches, data-driven methods derive life prediction
models directly from monitored degradation data, without relying entirely on physical
failure mechanisms. These methods can be broadly categorised into artificial
intelligence-based approaches and stochastic process-based statistical methods 12, Li'*]
proposed an RUL prediction method based on a deep convolutional neural network.
Liu' proposed a joint-loss convolutional neural network for simultaneous fault

[15

diagnosis and RUL prediction. Yang et al.'> proposed a dual convolutional neural

network, the effectiveness of which was demonstrated through four bearing degradation



(1) proposed an

experiments, achieving superior RUL prediction performance. Zhang
RUL prediction model based on a dynamic-window neural network capable of
adaptively determining the window size, detecting degradation transition points, and
performing dynamic prediction. However, these methods require substantial quantities
of annotated training data, which are often difficult to obtain in practical industrial
settings, thereby posing significant challenges for real-world applications.

Stochastic-process models provide a probabilistic RUL distribution, enabling
explicit uncertainty quantification!!”-!8]. Among these models, the Gamma and inverse-
Gaussian processes impose monotonic degradation paths, whereas the Wiener process
captures both upward trends and local reversals. This flexibility makes the Wiener
process particularly well suited for modelling the nonlinear and non-monotonic
degradation behaviour of wind-turbine slewing bearings!!”. Si?” developed a
recursive-filtering Wiener model in which the drift parameter was updated online. In
addition, a related nonlinear diffusion formulation with a closed-form solution for RUL
prediction was reported by Si et al?!l,

However, most of the previous studies have not explicitly considered the influence
of random stress on the degradation process. Li et al.!*?! verified the feasibility of RUL
prediction using an Elman neural network through experiments on lithium batteries
under vibration stress. Duan et al.®! investigated the interaction between sliding
motion resistance induced by prestress and friction and the multi-axis inertial forces
generated by impact and vibration loads, subsequently establishing a physical model of

interlayer sliding. Li et al.[**!

investigated the effects of stress and measurement errors
on life prediction based on the accelerated degradation test. Shang et al.**! proposed a
fatigue damage model that accounts for average stress conversion and cumulative
environmental damage. Although considerable progress has been made in RUL
prediction based on a wide range of methods and modelling approaches, these studies
mainly examined the effects of specific stress factors on equipment performance, with
limited consideration of the influence of random stress on the degradation process.
Random stress is attributed to the combined effects of multiple factors, making its
influence on equipment wear and fatigue more complex than that of individual stress
factors.

Given that random stress contributes to the degradation of wind-turbine deflection

bearings, a novel degradation model incorporating a random-stress model is developed

to improve the accuracy and reliability of RUL prediction for wind-turbine rotary



bearings. In addition, to provide a more comprehensive representation of the operating
condition, the proposed model integrates features extracted from multiple sensor
signals. The main methodological contributions of this study are summarised as follows:

(1) To account for the random stresses experienced by large slewing bearings
during operation, a hybrid degradation model is developed by incorporating a random-
stress model into the Wiener process.

(2) A nonlinear state-space prediction model is established to characterise the
random effects of multiple degradation features on different degradation states.

(3) An adaptive enhanced auxiliary particle filter (APF) algorithm is proposed to
improve state estimation accuracy by mitigating the sample degeneracy and scarcity
associated with conventional APF algorithms.

The remainder of the paper is organised as follows: Section 2 formulates the
random-stress state-space model; Section 3 presents the enhanced APF algorithm;
Section 4 describes the parameter estimation procedure and derives the RUL
expressions; Section 5 reports the case study and comparative results; and Section 6

concludes the study.

2 Establishment of a State-Space Model Under Random Stress

Owing to their large size and complex operating conditions, wind-turbine slewing
bearings are frequently subjected to significant alternating random stresses that
accelerate system degradation. In addition, features extracted from different sensors
exhibit varying sensitivities to different degradation states. To capture these
characteristics, a nonlinear state-space model under random stress is developed for RUL
prediction of wind-turbine slewing bearings (Fig. 1).

The general form of the state-space model is given by the following expression:

{xk =x,, +AA(tk71)+a)k71 0

vio=E-x +v,

where x, and y, denote the degradation state at time ¢, and the characteristics of
the monitoring data, respectively. «, , and v, represent the state transition noise and
measurement noise, respectively. Given that the degradation process of the wind-
turbine slewing bearing exhibits nonlinear and non-monotonic characteristics, a power
function is adopted as the drift function, and AA(O{,t,H)=a(t,: —t,,), where «
denotes the drift coefficient. In addition, @, , ~ N (0, o2 B(At, )), v, ~N (0, 562), where



o, denotes the diffusion coefficient, B(t) represents the standard Brownian motion,

and E represents the measurement matrix.
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Fig. 1. Flowchart of the proposed RUL prediction method



The Arrhenius acceleration model provides a theoretical basis for describing the
relationship between the degradation rate and random stress. Inspired by previous
work[?%l, the Arrhenius acceleration model is incorporated into the degradation model.
Furthermore, to account for the influence of multiple degradation characteristics on
different degradation states, a nonlinear state-space model is developed for wind-
turbine slewing bearings to improve RUL prediction. This modelling framework
provides a more realistic representation of the degradation process. The resulting state
transfer equation is expressed as follows:

X, =X, +a(S,) (t-1,)+C-m,, ()

The degradation state corresponding to feature i at 7, is denoted as x,,, i.e.
X, = (xl,,(,xzﬁk,---,xn’k). n denotes the total number of features extracted from the
data collected by a single sensor. a(Sk) represents the effect of random stress on
degradation, corresponding to the degradation rate at time ¢ . Furthermore, S,
represents accelerated stress, B(t):[B1 (¢),B,(1),--.B, (t)] Different values of
B,(¢) correspond to different diffusion processes, where o = [6211,62,2,---,62,,1 ]' ,
@, = (a)l,kfl,a)z’kfl,---,a)ﬂ,,H) . For computational convenience, let C represent the
hidden correlation between multiple degenerate states. ¢; joé”,(i # j) denotes the
covariance between degenerate states i and j , where ¢ =1, i=j),
¢ :(cl.,l,ci,z,---,c[,n) , C@,_, ~N(O,C[O'§B(Atk)) , C-0;B(At)~N(0,L), and X
represents the diffusion coefficient matrix.

The degradation rate «(S,) under random stress varies with the applied random
stress. Therefore, the drift coefficient is modelled as a function of random stress, as
follows:

a(S,)=56f(S;®) (3)
where & denotes the random coefficient, o :(51,52,---,5,1)'; 6, represents the
random coefficient of the # -th feature, which follows the Gaussian distribution,
o~N ( ,Ll5,G§); n denotes the total number of features; f(S,;®) represents the
degradation coefficient; and @ represents the degradation parameter. Given the
individual differences of the system, the drift coefficient follows a normal distribution,
a(S,)~ N[ﬂ(yf(St;d)),Géf2 (S,;CD)] . Considering that the applied stress varies

randomly, S, ~N (,uSA , O ) is assumed.

Sk

The Arrhenius model is a widely applied acceleration model, expressed as follows:

t

a(SJz&eXp(—?j 4)



Substituting He, (4)mtdEq. (2) yi g]sl th%gxpressiglg or the state transfer function
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According tg the properties of the Wiener process, the following equations are
€101 2032 C,.084
obtained:

2
AX, ~N(u2) . ,u:,ug-exp(—ﬁj‘l’k , 2, zaﬁ(exp[—SﬁjJ ¥ W, +3T Let
W, =(AA(6,), A0 (5, )0 AA(4,)) - ‘
The observation equation is established as follows:

Y,=EX +H-V, (6)
where Y, = ( Vigs'""s yn,k) , E represents the observation transfer matrix, and
observation errors V, :{vl,k,vz’k,---,vn’k}, V. ~N(0,%,) are independent of each
other. The parameter matrix H denotes the correlation matrix between different
observation data, H-V, :{Hl Vi Hy vy H, ‘Vn,k} , H-V,~N(0,%,) . Meanwhile,
given the influence of multiple features on different degradation states, the observation
transfer matrix E 1is assumed to be a real symmetric matrix.

Assuming n sets of features, their corresponding observation functions are

integrated into multi-source observation functions:

Vi € G e | X b, Vik

You € €, €, || Xox b, Vok
= 7. P | I Y R R ) (7)

Vi e e n " X, . b Vo,
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Therefore h,oo ho0oe, o h,,00,

9

hn,l hn,z o hn,n

where %, o7,(i# j) denotes the covariance of the measurement noise between
features i and j, let &, =1,(i=j). According to the outlined formulation, the
state-space model can be expressed as follows:

X, =X, +9, exp(—SﬁJ-(t,’; —z‘,:_l)+C-zUk_1

k

(8)
Y, =EX,+H-V,



3 Analysis of the Adaptive Enhanced APF Algorithm

The APF algorithm is designed to mitigate the effects of sample degeneracy during
particle estimation, thereby improving state estimation accuracy. The proposed adaptive
enhanced APF algorithm compares particle variances to adaptively identify particles
with higher weights for replacement of those with lower weights, thereby maintaining
particle diversity while increasing particle weights.

Assume a particle set containing m particles, denoted by {xl.’k, W, ol = l,2,...,m}.
For the posterior probability density function p(xk| ylzk) , direct sampling remains
computationally intractable. Therefore, an alternative importance sampling distribution
is introduced: ¢(x,[y,)-

The particle weights are computed according to the particle weight update
equation proposed by Li?7], and the particles are ranked in descending order according

to their weights, W = {wivk}, where wy, 2w, 22w, .

During adaptive particle number selection, either the variance or the likelihood
function of the particle set is typically used as the threshold selection criterion. In this
study, the particle variance is adopted as the optimisation criterion. A smaller variance
indicates a more concentrated particle distribution and, consequently, higher state
estimation accuracy. Therefore, the objective function is defined as the variance of the
particle set, as follows:

e,
f(x)—;;(xi—x) 9)

where x denotes the particle set, and X denotes the mean of the particle set.

Following the principle of a one-dimensional search method, the variance o7 of
the first 50% of the particles is calculated. Let o, denote the variance of the entire
particle set. Through the comparison of these variances, the range of replacing particles
is determined, after which the particles with higher weights are redistributed. With the
particle corresponding to the maximum weight w,, given by X,,, the upper and
lower limits are calculated as follows:

L =x,6-0
{ bk (10)

U=x,+t0

Subsequently, the particles with lower weights are replaced by newly generated
particles with higher weights. To preserve particle diversity, the new particles are

generated according to the following formula:

x./,k:Lb+(Ub_Lb)77 (11)



where 7 €[0.1]represents a random number, reflecting the diversity of particles.

The particles are subsequently re-ranked according to their weights to obtain
w'= {Wl-',k}> where w{, 2w} >--->w, .

Table 1 summarises the proposed adaptive enhanced APF algorithm.

Table 1. Adaptive enhanced APF algorithm

Step 1. Initialisation: Initialise the particle set x,, ~ p(x,),i =12,--,m
Step 2. Importance sampling: k=1:m Generate a new set of

importance particles, x; , ~ q(xl. k‘xl. Py yO:k)

4 (yk |xi,k )p (xi,k |xi,k—1 )
q<xi,k |xi,k—1 ’ylzk)

Step 3. Weight calculation: w,, =w,,,

Step 4. Weight normalisation: W,, =W, , / Z Wiy

i=1
Step 5. Adaptive particle enhancement:

Sort the particle weights to obtain W= {w } , Where,

ik
Wi Wy, 22 Wy

(1) Calculate the variance o of the first 50% of the particles. Let o
denote the variance of the entire particle set.
If o] <o
Then increase the number of particles to 75% of the total

If o) >0,

Then replace the last 25% of low-weight particles
Else
Continue increasing the number of particles until o} > o,
End
(2) Select particles with larger weights
Let the particle corresponding to w,, be denoted by X, , , calculate the
upper and lower limits L, =x,, —o; U,=x,, +0
Generate new particles according to the following formula to replace the
low-weight particles x,, =L, +(U,—L,)n

m

Step 6. Output: State estimate £, = » W, X,
i=1




The particle filter effect can be evaluated via several methods?®!. In this study, the

effective sample size (ESS) is adopted to assess the effectiveness of the proposed

5]

ESS (k)= ~——<-x100% (12)

m 2
()

where w, denotes the weight of the importance particle at the & -th time step. When

method, defined as follows:

i=1

most particles are located within a given high-probability region (i.e., w,, >1/m), the
ESS reaches its maximum value (i.e., 100%). Conversely, a decrease in the ESS

indicates a higher degree of sample degeneracy.

4 Parameter Estimation and RUL Prediction
4.1 Bayesian Hyperparameter Estimation
Maximum Likelihood Estimate (MLE) and the least squares method are employed

for adaptive estimation of unknown parameters, 0=[u, .o,

oy, r,0°,C,E,H,S,,3]. At
time ¢, the MLE of the parameter is expressed as follows:
0" = max{In f (y,,.%,:0)} (13)

where Y, =(Y,)1:k,YZJ:k,---,Yn )]:k) represents the characteristic of the observed data,

A

X, = (921,1(’)22,/(’"'32,”,1() denotes the estimated state, and f(YI:k,)A(k;Q) represents the
joint probability density function of multiple features extracted from the observed data
and the system degradation state.

Given S, ~N (ysk,afk ), direct application of MLE to the acceleration model is
computationally challenging. In this study, the Bayesian hyperparameter method is

employed to estimate A (,uk,afk ) To reduce the computational complexity of the

model, a Gaussian process is adopted as the surrogate model. Let the test accuracy data
Z serve as a random observation, such that z= f(S,)+s, where &~N (0, of)
denotes independent and identically distributed noise.

For a model output value of 0, the joint distribution expression of known data
H = (Sl.,zl.), (i=1,2,---,¢), and a new observation point (X, p..,) is as follows:

!

B+o’-1 B,

[Pl ~ N |0, AT
(8] B(5.5.)

(14)



where B, denotes the covariance function of S* S, Bl' = [Bl (SI,SM),---,Bl (Sl.,SHl )]T ,
I denotes the identity matrix, and the Gram matrix is defined as follows:
B/(S.S) - B(S.S)
B= : : : (15)
B/(S.S) - B(S.S)

The posterior distribution of J;,; is as follows:

p(Yt+l Yl:t>S1:t+l):N(/ut (SH-I)’(jt2 (St+l)) (16)
Thus, the posterior mean and variance are obtained as follows:
T _
:ut(SH-l):(BI’) (B"'Gj]) lylzt (17)
T _
O_[z (Sz+1) =B, (St+1’St+1 ) - (B1,) (B + ng]) 1 Bl' (18)

Generally, the automatic correlation is employed to determine the squared

exponential function as a Gaussian regression:
1
B(S.,8')=6, exp{—?& (S,S’)} (19)

(20)
The next sample point is selected by maximising the acquisition function A,
which is expressed as follows:

(5.5)= 3 (5.8) ., 1)

num=1

The EI (expected improvement) enhancement function is adopted as the

acquisition function, as follows:

where [ ( *) denotes the current maximum value.
Table 2 summarises the hyperparameter estimation process.

Table 2. Hyperparameter estimation process

Step 1. Input: Proxy model and acquisition function
Output: Hyperparameter vector
Step 2. Initialise the hyperparameter vector S,




Step 3. For 1=12,1

Maximise the acquisition function to determine the next
evaluation point: S, =argmaxA, (S;N)

Evaluate the objective function value y,, = £(S,.,)+s,,

Integrate data, N,=NU(S,,,»,,) ,» and update the
probabilistic proxy model.

End

4.2 Estimation of Other Parameters
The joint log-likelihood function of the system degradation state and the observed
data is expressed as follows:
In /(3 |0) =In f(£,|O) +1n £ (, 1, | %, . 6) (23)
Assuming that the multi-sensor observations are mutually independent yields the
following:

S %50) = Ilfxxlewe> (24)
Substituting Eq. (24) into Eq. (23) yields the following:

In (X030 =In f(&:;0) + [ [ /(14 1%::0)

i=l1

, (25)
=Inf(£,|0)+ 2 Inf (3,4 |%:0)
The Bayesian hyperparameter estimation of 4, , o, , and random stress S, is
used to conveniently estimate other parameters:
.0\ ﬂ r r
g(t:0)= exp(—S—k (6 -11,) (26)

AAAAA

where parameter &' =[p,r]. Subsequently, éz[,[zq, ,65,62,C,D,E,H,3] is estimated
using Eq. (8), as follows:

/, !
6)= Z{——ln|21,| ~(x. 3~ 1,8 (1:0) Zl,i(xf,z—xf,zl—ﬂng(fkﬁ'))}

=1

Inf(%,

k '
k Z(xi,z - xi,z—l _Iur]g([k’er)) Zl_,: (xi,z - xi,z—l - qug (tk’e')) (27)
oy e

2



: 1 ( iZ—Eixiz)2
In /(v |xk;‘9) = IH{H—GXPI:_J;’—’

- —gln 27(%, )2 —;Z(y,,z ~Ex,.)
2

(28)

where X; and X;, represent the state values at time k-1 and time £k ,

respectively. Combining Egs. (27) and (28) yields the following:

lnf(xk,ylzk;ﬁ) = lnf(xk;a) +1an(yi’1:k |Xk;l9)

k '
k Z(‘xi,z X T :qu(tk;‘g,)) z, (‘xi,z RS ,u,]g(tk;e'))
= —Eln‘Zl’i‘— -~ 5

(29)

n k ) 1 k .
+Z(Eln2ﬂ(2w) - Z;(y,',z -Ex,,) J

2(2,,) &

Given 1, the likelihood function In f (xk, y;;,;’;e) is used to estimate the

parameter 6; in the state transfer equation:

k ' A A
l[lllk o+ TR ,1 | Z|:(g(tf+l,i,z;e,) jzl_,tl',ﬂl(Xz’,i,z - Xr,i,z—l)
gz(g(tﬁl,i,z;e,) jzl,i,ﬁlg(tﬁl,i,z;el) = (30)
+g (tr+l,i,z; 9') Elj‘,m (er,i,z - er,i,z—] )’]
& 1< Ul Ul Uf ’ % 0
Zl,i,Hl = ﬁ Z[(Xr,i,er,i,z ) - (Xr,i,er,i,z—l ) - X‘r,i,zll’lf]k,rﬂg (tm,i,z 5 0 ) - (Xr,i,zflxr,i,z )

!

A

+ ()A(;,i,z—l)"(r,i,z—l ) + Xr',i,z—llunk,rﬂg (tr+1,i,z ; 9') - (:uqk,mg (trJrl,i,z ) 9')) Xr,i,z (1)

+(t 8 (tm,,v,z;ﬁ’))l D SR VR (A 9’))' JTRY (A 9’)}

P 2| (B (- i) )
1L NS RN { (NPT & (A ()| D (32)

(a, ,mg(tm‘i,ﬁ’))l X+ (ﬂm‘mg(tm,,»,z;fi’))’ ﬂwg(tm,i,ﬁ')] -7 }



| A A A
Il lur;,c,ﬁ-l(tr,i,z _t ) 21 i r+1(Xz',i,z - Xf,i,z—l) + (Xr,i,z —1) Z“1 | 1+1lum 7+l (t” z tz',i,z—l)
2ﬂryk,r+l (tr,i,z T l) 2l i TJrlltlI]A 7+1 (tr,i,z - r,i,zfl)

ﬂk r+1 k 7+l

(33)
Accordingly,

S = i 2 (R )= () = Rty (1) (R )

(X;zz I Ar,i,z—1)+szz 14y, r+lg( z+11z>0’)_(ﬂqk,z+1g(lr+1,i,z;0’)) X,

+(1Llf7k,‘r+lg(t‘r+l,i,z; 9!)), )%r,i,z—l + (ﬂr]k,r+lg(tf+l,i,z; 9’)), /’lqk,r+lg(tr+l,i,z; 9’):|

2
1 B :
_? O-Hk ,7+1 (exp(_S_JJ A‘r+1 kAT+1 k
k

Given ¢, =1, (i=/),C-o2B(Ar)~ N(0,2), the correlation coefficient matrix

(34)

C can be calculated.

Subsequently, with the estimated parameters (62|r)>1 =1,2,...,m substituted into
the maximum likelihood function (Eq. 29), 7 is estimated as follows:

!

k (xi,z - xi,z—l - ﬂng(l‘k’ 8’)) Z;,zl (‘xi,z - xi,z—l - lur]g (tk’ 9'))
)oc——Ing, |- =L (35)
2 ’ 2

M=

lnL(F

In the measurement equation, the wu -th sensor is assumed to extract » distinct
features, each exhibiting a different degradation path. External disturbances attributed
to the same operating conditions introduce correlated measurement noise among these
features. The degradation process associated with each feature corresponds to its own

parameters e, , and X, . The correlation among the measurement noises is

h
described by the covariance matrix X, , and the parameters of the measurement
function are estimated in two steps. First, the model parameters e, , #,, and X, are
estimated from the extracted features. Second, the covariance matrix 2, is estimated
using both the model parameters and the extracted features.
First, the data are smoothed via a local regression method!'%! to reduce
measurement noise. The filtered data are presented as follows:
Y, = EX, (36)
According to the degradation state and the measurement equation, the target

optimisation function is formulated as follows:



n

minJ, = min{Z(yi,k ~ ik )2}

i=1

= min{i(%,k —ex,; )2}

i=1

(37)

The least squares method is employed to estimate the measurement equation
parameter e, , thereby obtaining the measurement matrix E.

Second, the covariance matrix H containing the correlation information of
different measurement points and the variance matrix X, are computed according to
Eq. (8). TThg defaset---Y, e =|y.,» ,Ah]',f',ﬁz@) -withh, | features and multiple
measurgm foopofats at® tifag by _ aliisfied, the - mulivariate normal distribution
N(E®,,.L,). ~ -

e e h,

e h e h
, B p , 2, ,
Where n,n n n,n , n n n,n

The log-likelihood function of the covariance matrix X, is given by:

(Y.~ EX,.)5 (Y.~ EX,.)

Lok k
L(Z3|Y):; —5—51n|z3|— = > (38)

The maximum likelihood estimate of the covariance matrix X, is given by:

i i(yrtz - Er,in,i.z ) (Yr,i,z - Ez’,in,i.z )T
ﬁz,m = == S (39)
>k

i=1

A

Given HE,=%,, h =1(i=j), =,, h.(i#j), H, and O, can be

calculated.

4.3 RUL Prediction

For the sensor data of unit m , the fused degradation state is represented by the
time series 7" = (tl’",tZ”,---,t;”), where n denotes the total number of samples. The
sequence corresponding to the i-th degradation state is denoted by {xl.’:],xl.’f’z,- . -,xlff’k}.
Given that the degradation states obtained from different degradation processes are as
follows: X, ={X,,X,....X,}, o and &, are treated as independent random
variables, such that o ~ N (,ua,5§).

The total probability formula yields:



ka\XM L1 X I J fLmDXlA l la,D,, alk) (De|a7Xa,l:k)p(a|Xa,1:k)dDeda

(40)
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Theorem 112°: If Z~N(,uz,5zz) and a,b,c,d,r € R, then:

AL (C,_d'Z')2 4 ' d'o*zc'+,u;/ ( _dluz)
E{(d —bZ).exp[— 2 ]]: ’d’20'22,+}/x[a -0 d'z(ff,ﬂ/ exp| - 2(d’2 R ) 41)

Combining Theorem 1 with Eq. (40) yields an approximate expression of the PDF
fun, 0 1%,) of the RUL:If D, ~ N(D— 4,62) .~ N(u,,62), then:

1 ] r= '
7(1)= (D= X,)(hos 12 (150 (h+1) " a'07)
\/27rl,f (q’za; +lk0§)

5 (42)
~(D-X,—q'u,)
2 (q’za,f + lkaé)

—(q’ - rg(tk;e') [, (l,c +1, )r_l)ﬂqlkalzi:| e cXp

where q’=g(tk;6")’ W=D X, b'=q —rl, (I, +tk)H’ S
5 Example Calculation and Analysis

This section presents a numerical analysis and a case study of a wind-turbine
slewing bearing to demonstrate the effectiveness of the proposed method, including
random stress estimation, state estimation, parameter estimation, and RUL prediction.
The experimental dataset comprises vibration, temperature, and torque measurements
collected from a wind-turbine slewing bearing and reported by Feng!*"l. During
operation, failure of a wind-turbine slewing bearing is mainly attributed to local
raceway deformation and rolling-contact fatigue spalling. Accordingly, the influence of
contact stress between the raceway and the rolling elements on the degradation process
is investigated. According to the literaturel*!!, the unit type C3DS8I is adopted, and the
swept meshing method is employed to model the contact between the ball and the
raceway. Tables 3 and 4 present the material parameters of the slewing bearing. Given
these parameters, a finite element model is developed in ABAQUS to perform the stress

analysis. Figure 2 shows the simulated raceway force distribution.
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Fig. 2. Slewing bearing stress gradient

Table 3. Geometric properties of the tested slewing bearing

Raceway Ball ) ) Overturning
] ) Axial Radial force Speed Number
diameter diameter force(kKN) (kN moment range(/ min)  of balls
orce
(mm) (mm) (kN-m)
730 22 0-750 0-101.8 0-880 0.5-5 91
Table 4. Material properties of the tested slewing bearing
Cyclic . . Fatigue Fatigue
Young's . Cyclic strain .
. Poisson's  strength . strength elongation
Materials  modulus ) ) hardening ) ]
GPa) ratio coefficient index coefficient coefficient
( (MPa) (MPa)
Ball GCrl5 207 0.3 1173 0.0932 1511 1.3943
R
wa:; £2CMo 212 0.3 5808 0.1550 2425 0.1167

The minimum and maximum equivalent stresses of the rolling ball and the
raceway contact area are 51.2 MPa and 609 MPa, respectively, at which the axial force
and overturning moment are coupled with the maximum position (Fig. 2). Before
parameter estimation and RUL prediction, the parameters in Eq. (4) are estimated from
the equivalent stress range using Bayesian hyperparameter optimisation. The estimated
parameters are then used to determine the random stress values at different monitoring

times (Fig. 3).
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Fig. 3. Random equivalent stress of the slewing bearing

Before parameter 6=[y,,0;,0;.,7,0.,C,E,H,S,,] estimation and RUL
prediction, Bayesian hyperparameter optimisation is employed to estimate the
parameter (/“sk"’i ) in Eq. (4) based on the equivalent stress range. The estimated
parameter is subsequently used to determine the stress values at different monitoring
times. These values characterise the stress conditions of the raceway throughout the
monitoring period and provide essential data for the subsequent RUL prediction.

To validate the proposed method, the original vibration, temperature, and torque

data reported by Fengl®’l are used. The torque, vibration, and temperature data are

a.,,and a

integrated for model validation and are denoted by a,, a,, 530

respectively.

Figure 4 presents the fitted torque, vibration, and temperature data.
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Fig. 4. Fitted torque, vibration, and temperature data
According to the feature extraction method proposed by Liul*?, the square root
amplitude, average value, root mean square value, wavelet packet features, maximum
value, pulse index, margin index, and peak index are selected as sensitive features for
the vibration data. Feature extraction is subsequently performed on the torque and
temperature signals, and the corresponding Spearman correlation coefficients are
calculated. Table 5 presents the results.

Table 5. Time-domain feature indices and Spearman correlation coefficients

Torque Temperature
Feature Feature expression correlation  signal correlation

coefficient coefficient

Maxi
TRy =max (Y]} 0.92 0.91
value
Peak-to- .
e ,., =max(¥;)-min(Y;) 0.84 0.90
peak value
1 & —\2
Variance Vo= (¥,-7) 0.85 0.89
i=1
Root 1
T ) 1.00 0.91
square noin
1 !
;;(Yf -7)
Kurtosis Yk = : N BSY 0.60 0.89
L)
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(a) Normalization of x, (b) Normalization of x

mean
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Fig. 6. Normalisation of vibration data, temperature data, and torque data features

According to Table 5, the RMS index exhibits the strongest correlation with the
torque signal. Accordingly, the RMS feature is retained for torque, whereas the
maximum-value feature is selected for temperature (Fig. 61). To eliminate the influence
of differences in sensor data dimensions and magnitudes, the extracted features of
vibration, temperature, and torque data are normalised (Fig. 6).

Figure 6 shows the variation in the RMS characteristics of the vibration and torque
data. Although the RMS characteristics exhibit local fluctuations, they display an
overall upward trend as monitoring progresses. This trend is mainly attributed to wear
and fatigue accumulation in the equipment during continuous operation. In addition,
owing to the nonlinear and non-monotonic characteristics of wind-turbine slewing
bearings, the RMS feature more effectively reflects changes in the operating condition
of the bearing. Therefore, the RMS feature is selected as the sensitive feature of the
original torque data, as it effectively characterises the operating state of the wind-
turbine slewing bearing. Furthermore, the selected feature is computationally efficient,
making it well suited to practical data analysis.

According to the analysis, the eight selected features extracted from the vibration
data, along with the maximum-value characteristics of temperature data and the RMS

characteristics of torque data, are integrated for model validation and RUL prediction.

5.1 State Estimation and Degradation Model Validation
The proposed filter is assessed using the ESS defined in Eq. (12).
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Fig. 7. Comparison of ESS values for two APF posterior PDFs

During the first 50 monitoring instants, the enhanced APF consistently achieves
higher ESS values than the conventional APF at most time points (Fig. 7), indicating
reduced weight concentration and a larger effective particle population.

The eight features extracted from the vibration data, along with the maximum-
value feature of the temperature data and the maximum-value feature of the torque data,
are integrated to estimate the degradation states and model parameters for RUL
prediction. In the literature!®’), the failure threshold is determined through extensive
destructive testing. The degradation data of wind-turbine slewing bearings of the same
type are then normalised, and the average failure threshold is defined as 1. For ease of
analysis, the estimated degradation states are denoted by x,, x,, x;, x,, X5, X4,
x respectively. The 10 estimated degradation states are

, Xg, Xo, and x

7 10 »

subsequently fused to obtain the integrated degradation state x,, , resulting in a total of

11 degradation states (Fig. 8).
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Fig. 8. Estimated degradation state curve



The degradation-state trajectories (Fig. 8) exhibit distinct evolution rates and local
fluctuations. These differences indicate that individual features respond differently to
random operating conditions, whereas the fused trajectory captures the overall

degradation trend.
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Fig. 9. Fitting results for the x,, degradation-state increment

To verify the applicability of Eq. (8), a Monte Carlo simulation is conducted to
obtain the PDF curve of the degradation state increment Ax, (Fig. 9). First, the
increments  Ax, between adjacent degradation states are calculated, and their
frequencies are utilised to construct a histogram, denoted by 5,. Second, a fitted curve
is obtained from the histogram and is denoted by &, . Finally, the mean and variance
of the degradation state increment are calculated to derive a Gaussian PDF, denoted by
b,.
Figure 9 presents the frequency distribution of the degradation-state increment
Ax,, obtained from the Monte Carlo simulation. The fitted curve b, , derived from the
histogram of the degradation-state increments, closely matches the Gaussian PDF curve
b, , indicating that the degradation-state increment Ax,, follows a Gaussian distribution,

thereby supporting the applicability of Eq. (8) for modelling the degradation process of

the system.

5.2 RUL Prediction

To verify the applicability of the proposed RUL prediction method, several
representative life prediction methods are selected for comparison. The method
proposed in this study, denoted by model A7, , incorporates both the effects of random

stress induced by external loading and the interactions between different features and



RUL PDF

RUL prediction is denoted by Az, [1?3433],

degradation states. A reduced model that excludes the effects of random stress is

denoted by A7, . A further reduced model that excludes both the interactions between

different features and degradation states and the effects of random stress is denoted by

M, Y. A nonlinear Wiener process model incorporating multiple fused features for
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Fig. 10. Comparison of RUL prediction results at different monitoring times.

To evaluate the effectiveness of the proposed model, the RUL prediction results of
the M,, M,, M,, and M, models are compared at different monitoring times
(Figs. 10 and 11).

Notably, with the passage of time and the continuous increase of monitoring data, the
prediction errors of all four models gradually decrease, indicating that the model
parameters are progressively refined (Fig. 10). The prediction accuracy of the model
improves significantly, and the actual RUL of the wind-turbine slewing bearing is
generally encompassed within the predicted PDF intervals throughout the observation
period. Overall, the M, model exhibits the smallest prediction error, with its estimated
RUL remaining closest to the actual RUL. This superior performance can be attributed
to the incorporation of both random-stress effects and the interactions between different
features and degradation states, resulting in a degradation model that more closely
reflects the actual operating conditions of the slewing bearing and consequently
achieves higher RUL prediction accuracy. In contrast, the A/, model employs the same
degradation modelling framework but excludes the effects of random stress, leading to
reduced RUL prediction accuracy. The M ,model does not account for the interactions
between different features and degradation states or the effects of environmental factors
on the operating state of the slewing bearing. Consequently, its RUL prediction
accuracy is lower than that of M, and M, . Similarly, the model employs a centralised
fusion approach to establish the degradation process for RUL prediction but does not
incorporate the effects of environmental factors. In addition, it ignores the interactions
between degradation states and the random correlations among different features.
Compared with the other models, this model exhibits the lowest RUL prediction
accuracy. Overall, these results demonstrate that the proposed framework improves the

accuracy of RUL prediction for wind-turbine slewing bearings.
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Fig. 11. Comparison of the RUL PDFs of the four models.

Notably, with the increase of monitoring time, the RUL prediction PDF curve of
the M, model becomes narrower and exhibits a higher amplitude (Fig. 11). This
finding indicates that as additional monitoring data become available, the model
parameters are continuously updated, thereby reducing the uncertainty of the RUL
prediction and producing estimates that are progressively closer to the actual value.
Overall, the M, model outperforms the other three models in terms of RUL prediction
accuracy. These results demonstrate that the proposed framework effectively captures
the degradation process of the wind-turbine slewing bearing and provides more accurate
RUL predictions.

To further evaluate the RUL prediction performance of the four models, four

performance metrics, namely, MSE , SOA, A, and PICP , were calculated!**-38],

Table 6 and Figures 12—14 present the comparative results.

Table 6

Error metrics calculation formula (7 denotes the actual value and 7 denotes the predicted value).




Error index Formula Error index Formula
Mean square MSE = 1 Zn:( 1 -1 )2 Score of accuracy
n 1 13

error(MSE)

Prediction interval
coverage

probability(PICP)

i=1

PICP =100%-

+210)

(SOA)

Accuracy (A)
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0, else

504 =
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0, else

The larger the SOA value, the more accurate the RUL estimation. In addition,

the smallest AMSE indicates the lowest uncertainty of RUL estimation. Although

S04,

exhibits some fluctuations, at almost all measurement points, the RUL

prediction of the M1 model is more accurate compared with that of the AM,, M, and

M ,models (Fig. 12). Furthermore, as the monitoring time increases and additional

monitoring data become available, the model parameters are progressively updated,

resulting in a gradual reduction in RUL prediction uncertainty (Fig. 13). Compared with

that of the other three models, the MSE, ofthe Az, model remains consistently lower,

indicating superior predictive performance. Figure 14 shows the overall SO4 and

MSE of the four models, and Table 7 presents the corresponding RUL prediction errors.
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Fig. 12. Comparison of the four models in terms of SOA, for RUL prediction
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Fig. 13. Comparison of the four models in terms of MSE, for RUL prediction

Notably, the values of SOA decrease in the following order: M, <M,<M,<
M, (Fig. 14). Therefore, the A4, model achieves more accurate RUL predictions
compared with the other three models. Similarly, the A7, model achieves the smallest
MSE compared with the other three models. Therefore, it produces the smallest RUL
prediction error and the highest prediction accuracy.

Notably, compared with the other three models, the A7, model achieves the best
performance in A (85.50%) and PICP (96.52%) (Table 7). These results further
demonstrate that the A4, model provides more accurate RUL prediction compared with

the other models.
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Fig. 14. Comparison of the four models in terms of SO4 and MSE for RUL
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Table 7. Comparison of the prediction accuracy and uncertainty quantification of

the four methods



Method

Models S04 MSE 4 PICP (%)
(10 (%)
M, 11.37 2.55 85.50 96.52
M, 8.33 3.16 81.25 95.91
M, 6.17 4.05 75.00 87.14
M, 5.38 4.64 63.00 80.35
Method
Models PICP
SOA  MSE (10°) A (%) %)
M, 11.37 2.55 85.50 96.52
M, 8.33 3.16 81.25 95.91
M, 6.17 4.05 75.00 87.14
M, 5.38 4.64 63.00 80.35

For an additional data-driven benchmark, a three-layer CNN is trained using the
same 10 input features, and its predictions are compared with those of A7, at three

different monitoring times (Fig. 15).

(a) t, =9x10°min  degradation state (b) ¢, =10x10°min  degradation state

prediction prediction



(c)t, =11x10°min degradation state prediction

Fig. 15. Degradation state prediction results of the CNN model at different
monitoring times

As the training time and training data increase, the prediction error of the CNN
model decreases progressively (Fig. 15). At a monitoring time of 11x10°min, the
average failure time predicted by the CNN model is 12.18x10’ min , while the
corresponding prediction by the A7, model is 12.03x 10°min (Fig. 15¢), which is
closer to the actual average failure time of the slewing bearing, indicating superior
prediction accuracy. These results indicate that at the same monitoring point, the A7,
model achieves higher RUL prediction accuracy than the CNN model.

Collectively, the ablation study and CNN comparison demonstrate that random-
stress modelling, feature—state interactions, and the enhanced APF algorithm each
contribute to the improved prediction performance. Compared with the three reduced
stochastic models and the CNN benchmark, the complete framework achieves the

highest RUL prediction accuracy in the reported experiments.

6 Conclusion

To address the accelerated degradation of wind-turbine slewing bearings caused
by random load variations and the influence of multiple features on different
degradation states, a random-stress model is incorporated into the state transfer
equation, and a nonlinear state-space model that captures the interactions between
different features and degradation states is established. In addition, to address the
problems of sample degradation and scarcity in the conventional APF, an adaptive
enhanced APF algorithm is employed to improve the accuracy of state estimation.
Bayesian hyperparameter estimation is used to model the distribution of randomly

varying stress, while distributed state fusion is achieved using a diagonal weighting



matrix. Finally, the proposed prediction model is validated using vibration, temperature,
and torque monitoring data. The results demonstrate that incorporating the effects of
randomly varying stress and the interactions between different features and degradation
states effectively improves the RUL prediction accuracy for wind-turbine slewing
bearings. These findings indicate that the proposed framework is well suited for real-
time RUL prediction for wind-turbine slewing bearings. The results also reveal several
limitations of this model; particularly when handling a larger number of features, the
model becomes more complex, requires greater computational resources, and adversely
affects the timeliness of predictions.
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