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Abstract. Rolling bearings are critical components in rotating machinery, directly influencing system
reliability and performance. Bearing failures, driven by stochastic degradation processes, necessitate accurate
reliability assessment and maintenance optimization to minimize costs and downtime. This study proposes an
adaptive inspection and maintenance model for rolling bearings based on the Delay Time Model (DTM), which
captures the two-stage failure process: a normal operating stage until a hidden defect emerges, followed by a
delay time until failure. The DTM leverages the failure delay time to schedule preventive maintenance,
preventing costly failures. By modeling the defect initiation and delay time distributions using Weibull
distributions, a maintenance cost model is developed to determine optimal periodic inspection intervals that
minimize the long-term expected cost per unit time. A parameter estimation framework is established for both
continuous and discrete inspection data, ensuring robust model applicability. The proposed approach is
validated using a real-world run-to-failure dataset, demonstrating its effectiveness in optimizing maintenance
schedules. Key contributions include the application of DTM to rolling bearing lifetime modeling, the
formulation of a cost-effective inspection and maintenance strategy, and empirical validation through a case
study. This work provides a practical framework for enhancing rolling bearing reliability and reducing
maintenance costs.
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1 Introduction

Rolling bearing, one of the most important components of
rotating machinery, whose running state directly influen-
ces the health of the whole equipment [1]. Bearing failures,
a leading cause of mechanical breakdowns, result from
stochastic degradation processes influenced by variable
operating conditions, random fatigue damage, and diverse
failure modes such as spalling and pitting [2,3]. These
complexities make accurate Remaining Useful Life (RUL)
prediction challenging yet essential for optimizing mainte-
nance and minimizing costs [4]. Condition-based mainte-
nance (CBM) has emerged as a key strategy, leveraging
real-time healthmonitoring to schedule maintenance based
on the bearing’s actual condition [5]. The failure of rolling
bearings typically follows a two-stage process: a normal
operating stage until a hidden defect is identified, followed
by a failure delay time until failure occurs, as illustrated by
vibration data (Fig. 1). The DTM effectively captures this
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two-stage degradation by modeling the time from defect
initiation to failure, providing opportunities for preventive
maintenance to mitigate costly failures [6].

Despite extensive research on RUL prediction, there is a
notable gap in inspection and maintenance optimization
for rolling bearings, particularly for systems without
continuous monitoring capabilities [7]. While continuous
inspections provide real-time degradation data, they
require costly integrated monitoring devices, which are
often impractical for existing industrial equipment [8].
Discrete inspections, either periodic or non-periodic, are
more feasible but present trade-offs. Non-periodic inspec-
tions, driven by system state, can reduce inspection
frequency but introduce complexities such as missed
defects and logistical disruptions [9]. While highly flexible
adaptive or non-periodic inspection policies exist in
literature, they often require costly integrated monitoring
devices and can introduce logistical complexities. In
contrast, periodic inspections offer simplicity and cost-
effectiveness, making them the most feasible approach for
existing industrial equipment with limited measurement
capabilities [10]. This study, therefore, focuses on optimiz-
ing the practical and widely implementable periodic
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Fig. 1. Vibration data of rolling bearing (Nectoux et al., 2012).
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inspection interval within the DTM framework for rolling
bearings to optimizemaintenance costs and downtime. The
model incorporates a reliability and cost framework to
determine optimal inspection intervals and includes
parameter estimation for practical implementation.
Validated using a real-world bearing failure dataset, this
work contributes to enhanced reliability and cost efficiency
in industrial maintenance.

2 Literature review

Accurate RUL prediction is critical for optimizing
maintenance of rolling bearings, which exhibit complex
degradation patterns due to variable operating conditions
and random failure modes [11]. Therefore, extensive
studies have been conducted for bearing’s RUL prediction.
Stochastic models, such as Wiener and Gamma processes,
are widely used for RUL prediction. For example, [12].
employed a Wiener process with improved Kalman filter,
using vibration data to estimate bearing’s RUL. Kuzio
et al. (2025) applied a Gamma process to predict bearing
RUL considering time-varying characteristics [13]. These
models, however, often assume homogeneous degradation
process, which may not fully capture the distinct two-
stage degradation process of bearings: a normal operating
phase followed by a defect propagation phase leading to
failure.

Data-driven approaches have gained prominence for
handling non-linear degradation patterns. [14] developed
a Long Short-Term Memory (LSTM) network to predict
RUL from raw vibration signals, outperforming tradition-
al statistical methods in noisy environments. (Guo et al.,
2024) proposed a hybrid model combining a Wiener
process with Dual-Channel Transformer Network and the
Convolutional Block Attention Module, enhancing RUL
estimation for bearings [15]. (Pang et al., 2021) introduced
a Bayesian framework for real-time updating of degrada-
tion parameters, enabling adaptive RUL predictions
based on continuous monitoring [16]. While effective,
these approaches often rely on continuous data and may
not explicitly model the defect initiation and propagation
stages inherent in bearing degradation.
The DTM addresses the limitations of homogeneous
degradation models by explicitly capturing the two-stage
degradation process: defect initiation followed by a delay
time to failure [17]. The failure delay time provides a
critical window for preventive maintenance (PM) [18]. In
that way, with the help of monitored state information,
defective state can be identified, and PM can be performed
before failure occurs. Therefore, several models have been
developed based on DTM to optimize maintenance plan.
For example, Santos et al. (2023) apply DTM to optimize
the maintenance plan for cone crusher equipment [19].
A. Santos et al. (2021) discussed the application of DTM
for maintenance of reused items [20]. W. Wang (2006)
applied DTM for condition-based maintenance of water
pump [21]. More studies in application of DTM for
maintenance optimization can be found in [18].

Despite its versatility, the application of DTM to
rolling bearing maintenance using vibration data remains
underexplored, particularly for systems with discrete
inspections. As shown in Figure 1, bearing degradation
aligns with DTM’s framework, with vibration signals
indicating defect initiation and propagation. Existing
models often overlook the practical constraints of discrete
inspections and cost-effective maintenance strategies. This
study addresses these gaps by:

–
 Applying DTM to model the two-stage lifetime of rolling
bearings.
–
 Developing a periodic inspection and maintenance model
to minimize costs and downtime.
–
 Formulating a parameter estimation framework for both
continuous and discrete inspection data.
–
 Validating the model using a real-world bearing failure
dataset.

These contributions provide a robust framework for
optimizing maintenance schedules, enhancing bearing
reliability, and reducing costs in industrial applications.

To describe these contributions, the remainder of this
paper is organized as follows. Section 3 introduces
inspection and maintenance model. In this section, the
maintenance cost model is also developed, which served as
objective function for maintenance optimization. Section 4
describe a case study on maintenance optimization for



Fig. 2. Delay time concept.
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rolling bearing based on a real failure dataset. Finally,
Section 5 summarizes the key findings and discusses
potential direction for future developments.

3 Inspection and maintenance model

Prior to formulating the maintenance and inspection
model, the following assumptions, grounded in industrial
practices and existing literature, are established:

–
 The bearing failure process adheres to the DTM, as
depicted in Figure 2.

Accordingly, a random defect emerges at time U (here
calledasdefect initiation time), characterizedbyaprobability
density function g(u). Failure occurs after a delay time h,
described by a probability density function f(h) and
cumulative distribution function F(h), independent of U.

–
 The system undergoes renewal either through a failure
repair or a preventive maintenance (PM) during an
inspection if a defect is detected.
–
 Following either a failure renewal or a PM renewal, the
inspection process restarts.
–
 Failures are repaired immediately, incurring an average
cost of cf.
–
 A defective system identified during an inspection is
renewed at a cost cp.
–
 Inspections are assumed to be perfect, accurately
revealing the system’s true state. Due to environmental
variations, disturbances, and technological limitations,
measurement devices are prone to errors. However,
inspection can be considered as perfect when inspection
errors are negligible.

Based on these assumptions, the inspection and
maintenance model is developed in the subsequent section.

3.1 Description of inspection and maintenance model

To reduce the risk of failure, bearing is inspected
periodically with inspection interval t. The inspection
incurs a cost of ci. Based on the inspection result, the
maintenance decision is made as follows:

–
 If bearing is in normal state at inspection Tk = kt, no
action is taken, and bearing continues operation until the
next inspection.
–
 If a defective state is detected at Tk = kt, Preventive
maintenance (PM) is performed to restore the system to
as good as new state with a cost of cp.
–
 If bearing is in failure state at inspection Tk = kt,
Corrective maintenance (CM) is applied with a cost of cf.
Failure of the bearing could lead to huge economic loss;
therefore, it is assumed that cf > cp.

The inspection andmaintenancemodels are illustrated
in Figure 3. As depicted in Figure 3a, at inspection epochs
T1, T2 and T3, bearing is in running state; therefore, no
action is taken at these inspection epochs. At inspection
epoch T4, system is found in defective state, and PM is
applied to restore the bearing to as good as new state.
Additionally, as depicted in Figure 3b, the system is found
to be in failure state in inspection epochT3, CM is applied
at T3 to restore system to as good as new state.

As showed in Figure 3, inspection interval plays an
important role, which significantly contributes to the
effectiveness of the maintenance models. A short interval
increases inspection frequency and costs, while a long interval
raises the risk of undetected failures, increasing overall
maintenance costs. Therefore, inspection interval should be
optimized to achieve that optimal maintenance cost.

In the next subsections, maintenance cost model is
developed, which served as objective function for mainte-
nance optimization.

3.2 Maintenance cost model and optimization

Since system state is restored to as-good-as new state either
PM or CM is applied. Therefore, the process is renewal
process. The long-term expected cost per unit time, C∞ (t)
is given by (Ross et al., 1996) [22]:

C∞ðtÞ ¼ E½C�
E½L� ð1Þ

Where, E½C� and E½L� are the expected renewal cycle cost
and cycle length, respectively. There could be two different
renewal cycles, one is the failure renewal and another is PM
renewal cycle.

In the case of renewal cycle by failure, it is assumed that
system is found to be in failure state at inspection epoch
Tk = kt:

ðk:ci þ cfÞ:P ½ðk� 1Þt < Tf

< kt�¼ ðk:ci þ cfÞ ∫
kt

ðk�1Þt
gðuÞFðkt � uÞdu:

ð2Þ

Equation (1) represents one possible scenario where failure
occurs within a specific inspection interval. Since failures may



Fig. 3. Illustration of inspection and maintenance model with (a) Preventive maintenance case and (b) Corrective maintenance case.
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occur inanyinterval, theexpectedcostduetofailure isobtained
by summing over all possible intervals k from 1 to infinity,X∞

k¼1

ðk:ci þ cfÞ:P ½ðk� 1Þt < Tf < kt�

¼
X∞
k¼1

ðk:ci þ cfÞ ∫
kt

ðk�1Þt
gðuÞFðkt � uÞdu: ð3Þ

Although equation (3) involves a summation over infinite
intervals k, it remains finite in practice, as the probability
terms diminish to zero for large k. This occurs because
the probability density function g(u) approaches zero for
u > (k – 1)T, when k is sufficiently large.

Similarly, the expected cost due to PM renewal is:X∞
k¼1

ðk:ci þ cpÞ:P ½U 〈 kt ∩Tf 〉 kt�

¼
X∞
k¼1

ðk:ci þ cpÞ ∫
kt

ðk�1Þt
gðuÞ½1� Fðkt � uÞ�du: ð4Þ

In that way, the expected renewal cost is obtained by:

E½C� ¼
X∞
k¼1

½ðk:ci þ cpÞ ∫
kt

ðk�1Þt
gðuÞdu� þ ðcf

� cpÞ½ ∫
kt

ðk�1Þt
gðuÞ½1� Fðkt � uÞ�du�: ð5Þ
C∞ð�Þ ¼

X∞

k¼1
½ðk:ci þ cpÞ∫

k�

ðk−1Þ�gðuÞdX∞

k¼1
f∫

k�

ðk−1Þ� t∫
t

ðk−1Þ�gðuÞf ðt−
In the similar manner, the expected cycle length is also
obtained as:

E½L� ¼
X∞
k¼1

f ∫
kt

ðk�1Þt
t ∫

t

ðk�1Þt
gðuÞfðt� uÞdudt

þkt ∫
kt

ðk�1Þt
gðuÞ½1� Fðkt � uÞ�dug: ð6Þ

Finally, the expected maintenance cost per unit time is:

See Equation (7) below

The optimal inspection interval is obtained as the minimum
value of expected maintenance cost per unit time.

3.3 Parameters estimation

The maintenance model requires the estimation of
distribution of initial defect time (U) and delay time (h).
Failure of the bearings usually followsWeibull distribution
[23]. Therefore, it is assumed that initial defect time (U)
and failure delay time (h) follows a Weibull distribution.
The Weibull distribution for a random variable T
(representing either U or h) has the probability density
function (pdf) [24]:

fðtÞ ¼ b

u

t

u

� �b�1

exp � t

u

� �b
 !

: ð8Þ
u� þ ðcf−cpÞ½∫
k�

ðk−1Þ�gðuÞ½1−Fðk�−uÞ�du�

uÞdudt þ k�∫
k�

ðk−1Þ�gðuÞ½1−Fðk�−uÞ�dug
ð7Þ



M.-H. Bui et al.: Int. J. Simul. Multidisci. Des. Optim. 17, 7 (2026) 5
And cumulative distribution function:

FðtÞ ¼ 1� exp � t

u

� �b
 !

ð9Þ

Where, b> 0 and u> 0 are the shape and scale parameters.
For defect initial time U, the distribution F(U) has

parameters bu and uu. For delay time h, the distribution g
(h) has parameters bh and uh.

The estimation of the distribution parameters for defect
initial time and delay time is based on the nature of failure
data. Two kinds of data can be considered: continuous
inspection data and discrete inspection data.
3.3.1 Continuous inspection data

Continuous inspection data provide exactly defect initial
time and delay time. It is supposed that a set of N failure
data, including defect initial time and delay time
fðU1;h1Þ; ðU2;h2Þ; . . . ; ðUN ;hNÞg. Based on these failure
data, the distribution parameters for Defect initial time
and delay time can be estimated. Maximum Likelihood
Estimation is a robust method for estimating Weibull
parameters.

The likelihood function for defect initiation time is:

Lðbu; uuÞ ¼∏
N

i¼1

fðUi;bu; uuÞ

¼∏
N

i¼1

bu

uu

Ui

uu

� �bu�1

exp � Ui

uu

� �bu
 !" #

: ð10Þ

The log-likelihood function:

logLðbu; uuÞ ¼
XN
i¼1

log
bu

uu

� �
þ ðbu � 1Þlog Ui

uu

� �
� Ui

uu

� �bu
" #

ð11Þ

Equation (11) can be simplified as:

logLðbu; uuÞ ¼ N:logbu �Nbu:loguu þ ðbu

� 1Þ
XN
i¼1

logUi �
XN
i¼1

Ui

uu

� �bu

: ð12Þ

To estimate (bu, uu) maximize the log-likelihood
functions by taking partial derivatives of log L(bu, uu)
with respective to bu and uu, set them to zero, and solve:

∂logL
∂bu

¼ N

bu

þ
XN
i¼1

logUi

�
XN
i¼1

loguu�
XN
i¼1

Ui

uu

� �bu

log
Ui

uu

� �
¼ 0 ð13Þ
∂logL
∂uu

¼ �Nbu

uu
þ bu

ubuþ1
u

XN
i¼1

ðUiÞbu: ð14Þ

From equation (16), one has:

uu ¼ 1

N

XN
i¼1

ðUiÞbu
0
@

1
A

1=bu

: ð15Þ

Substitute equation (15) into equation (13) and solve
numerically to obtain bu.

Since the distributions ofUi and hi are independent, the
parameters can be estimated separately. Therefore, similar
approach can be applied to estimate bh, uh.

3.3.2 Discrete inspection data

With discrete inspection, at each inspection epoch Tk, the
observation system state is:

–
 Defect state: A defect has initiated (i.e., Ui < Tk), but
failure has not occurred (i.e., Ui + hi > Tk).
–
 Failure state: System has failed (i.e., Ui + hi < Tk).

–
 Normal state: No defect has initiated (i.e., Ui > Tk).

It is assumed that m inspections at fixed time T1, T2,..,
Tm with observation across N bearings. Each bearing i is
inspected periodically, and at each inspection time Tk, one
of three states is observed:

–
 Normal state: No defect has initiated (i.e., Ui > Tk)
with probability:

PðUi > TkÞ ¼ 1� FðTkÞ ¼ exp � Tk

uu

� �bu
 !

: ð16Þ
–
 Defect state: A defect has initiated (i.e., Ui < Tk), but
failure has not occurred (i.e., Ui + hi > Tk), with
probability:

PðUi 〈Tk;Ui þ hi 〉TkÞ ¼ ∫
Tk

0

fðU;bu; uuÞ½1� FðTk

� U;bh; uhÞ�dU: ð17Þ

where,

fðU;bu; uuÞ ¼
bu

uu

t

uu

� �bu�1

exp � t

uu

� �bu
 !

: ð18Þ

FðTk � U;bh; uhÞ ¼ 1� exp � Tk � U

uh

� �bh
 !

ð19Þ
–
 Failure state: System has failed (i.e.,Ui + hi< Tk) with
probability:

PðUi þ hi < TkÞ

¼ ∫
Tk

0

fðU;bu; uuÞ:FðTk � U;bh; uhÞdU: ð20Þ



Fig. 4. Vibration data of the rolling bearing from FEMTO dataset [25].
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For each bearing i, the inspection history provides a
sequence of states until a defect or failure is observed.
Therefore, the likelihood function is constructed based on
the observed states across all system and inspections.

Let:

–
 Nn denotes the number of normal state observation at Tk.

–
 Nd denotes the number of defect state observation at Tk.

–
 Nf denotes the number of failure state observation at Tk.

For each bearing i, the contribution to likelihood
depends on its inspection history:

–
 Normal state at Tk: Contributes
1� FðTk;bu; uuÞ ¼ exp � Tk

uu

� �bu� �
.

Defect state at T : Contributes
–
 k

∫
Tk

0
fðU;bu; uuÞ½1� FðTk � U;bh; uhÞ�dU, and typically,

the bearing is renewed and restarting the process.

–
 Failure state at Tk: Contributes

∫
Tk

0
fðU;bu; uuÞ:FðTk � U;bh; uhÞdU, followedby renewal.

Assuming that each bearing is observed until defect or
failure, and renewed thereafter, the likelihood for bearings
system is:

Lðbu; uu;bh; uhÞ ¼∏
N

i¼1

Li ð21Þ

Where, Li is the likelihood for bearing i, based on its
inspection history. For example, if bearing i is normal atT1,
T2,.., Tk-1 and defective at Tk, then:

Li ¼
Xk�1

j¼1

½1� FðTj;bu; uuÞ�: ∫
Tk

0

fðU;bu; uuÞ½1

� FðTk � U;bh; uhÞ�dU: ð22Þ
If bearing i is normal at T1, T2,.., Tk-1 and failed at Tk,
then:

Li ¼
Xk�1

j¼1

½1� FðTj;bu; uuÞ�: ∫
Tk

0

fðU;bu; uuÞ:FðTk

� U;bh; uhÞdU: ð23Þ

The total likelihood aggregates contributions from all
systems, accounting for all observed states. The log-
likelihood is:

logL ¼
XN
i¼1

logLi: ð24Þ

Maximize log L with respect to bu, uu bh,uh using
numerical methods to estimate the value of bu, uu bh,uh.
4 Case study on maintenance of bearing
based on failure data

4.1 Maintenance optimization

To demonstrate the practical applicability of the proposed
inspection and maintenance model based on the DTM, a
case study is conducted using the publicly available run-to-
failure dataset from the FEMTO-ST Institute, generated
via the FRONOSTIA experimental platform [25]. This
platform is designed to perform accelerated life tests by
subjecting rolling element bearings to radial loads exceed-
ing their dynamic ratings, thereby inducing natural
degradation within a managed timeframe.



Table 1. Defective initiation time, delay time and failure time of the bearings.

Bearing 1 Bearing 2 Bearing 3 Bearing 4 Bearing 5 Bearing 6

U 2598 816 1800 1088 2413 2200
h 204 55 575 338 50 60
Tf 2802 871 2375 1426 2463 2260
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The dataset comprises monitoring data from 17
bearings (divided into 3 datasets) tested under three
distinct operating conditions characterized by varying
speeds and loads: 1800 rpm with 4000 N, 1650 rpm with
4200 N, and 1500 rpm with 5000 N. The datasets captures
bearing degradation from normal operation to failure,
making it suitable for validating the two-stage degradation
process modeled by DTM. This study analyses second test
set of the FEMTO-ST dataset. The vibration data of the
rolling bearing in this test set is shown in Figure 4.

From the vibration data, the defective initiation time,
delay time and failure time of the bearings are provided in
Table 1. It should be mentioned that the initiation defect
time is determined based on the 3scp criterion and
engineering judgement method, where scp is the standard
deviation of the system degradation level during normal
phase [15].

Based on failure data, the bearing’s degradation
parameters are estimated according to Section 3.3. The
estimated data is provided in Table 2. In addition, it is
assumed that the maintenance cost of the bearing is
provided in Table 2.

Then, the distribution of defect initiation time, failure
delay time are estimated using method described in
Section 3.3.

By minimizing long term maintenance cost rate in
equation (7), the optimal inspection interval can be
determined. Figure 5 present the expected maintenance
cost per unit time as a function of inspection interval.

As showed in Figure 5, the optimal maintenance cost
rate is 0.156 (cost unit), obtained at inspection interval t=
75 (time unit).
4.2 Comparison study

To evaluate the effectiveness of the proposed DTM-based
maintenance model, a comparative analysis is conducted
against a conventional time-based preventive maintenance
(TBM)model. In the TBMmodel, preventive maintenance
is scheduled at fixed intervals (tp), with the optimal
interval determined by minimizing the long-term expected
cost rate:

C∞ðtpÞ ¼ cpRðtpÞ þ cf ½1�RðtpÞ�

∫
tp

0
RðtÞdt

ð25Þ

Where, R(t) is the reliability of the system at time t; cp and
cf are preventive and corrective maintenance costs,
respectively (cf > cp). It is also assumed that failure of
the bearing followed Weibull distribution, ie.,
RðtÞ ¼ 1� FðtÞ ¼ e
� t

uf

� �bf

ð26Þ
Where, bf and uf are shape and scale parameters of Weibull
distribution, represent the failure time of the bearing.

The optimal prevetinve maintenance interval (t*p) is
found by minimizing: the long-term maintenance cost rate,
the optimal preventive maintenance interval can be
obtained:

t�p ¼ min
tp

cp:RðtpÞ þ cf :½1�RðtpÞ�

∫
tp

0
RðtÞdt

: ð27Þ

Using the failure data from Table 1 and the parameter
estimation approach outlined in Section 3.3, the Weibull
parameters are estimated as bf = 3.7 and uf = 2260,
respectively. The TBMmodel yields an optimal cost rate of
C∞(tp) = 0.194 (cost unit/time unit) at optimal preventive
maintenance interval tp= 1440 (time unit). In contrast, the
proposed DTM-based model achieves a lower cost rate,
approximately 24.4% less, demonstrating superior cost
efficiency.032615.

To assess the robustness of the proposed model, a
sensitivity analysis is conducted, focusing on the impact of
inspection cost (ci), which significantly influences condi-
tion-based maintenance effectiveness [26], the comparison
metric is the relative excess cost, defined as:

P ¼ C∞ðtpÞ � C∞ðtÞ
C∞ðtpÞ :100% ð28Þ

Where, C∞(tp) is the cost rate of the TBM model, and
C∞(t) is the cost rate of the proposed DTM-based model at
the optimal inspection interval.

–
 If P > 0, the proposed DTM-based policy is more
profitable than TBM policy. The higher P, the more
proposed DTM-based model is cost-effective.
–
 If P > 0, both policies are equally profitable.

–
 If P < 0, the TBM policy is more profitable than the
proposed DTM-based policy.

Figure 6 illustrates the effect of varying (ci) on the
relative excess cost. As inspection costs increase, the cost
advantage of the DTM-based model diminishes. When (ci)
exceeds 6 (cost units), the TBM model becomes more cost-
effective, as frequent inspections erode the benefits of
condition-based maintenance. This analysis highlights the
proposed model’s superiority in scenarios with low to
moderate inspection costs, guiding practical implementation
in industrial settings.



Table 2. Degradation and maintenance parameters of the rolling bearing.

b̂u ûu b̂h ûh cp cf ci

3.2 2046 1.2 221 $200 $600 $2

Fig. 5. Expected maintenance cost per unit time as a function of
inspection interval.

Fig. 6. Relative excess-cost as a function of inspection cost.
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A secondary sensitivity analysis was conducted to
evaluate how the ratio between preventive maintenance
(PM) and corrective maintenance (CM) costs impacts the
performance of the proposed DTM-based maintenance
model. Specifically, the PM cost was varied from $200 to
$600, with the upper limit equal to the CM cost. For each
scenario, the optimal long-run maintenance cost and the
relative excess cost were computed. Figure 7a illustrates
the optimal maintenance cost rate for each model, while
Figure 7b presents the corresponding relative excess cost.
The results indicate that as the PM cost increases, the
relative excess cost decreases, ultimately vanishing as
the PM cost approaches the CM cost. This occurs because
the advantage of the DTM-based model lies in avoiding
failures; however, when the cost of prevention equals the
cost of failure, the economic benefit of preventive
intervention is eliminated.

5 Conclusions and perspectives

This study presents a novel inspection and maintenance
optimization framework for rolling bearings based on the
DTM, addressing the critical need for cost-effective and
reliable maintenance strategies in rotating machinery. By
modeling the two-stage degradation process of bearings -
normal operation until defect initiation followed by a delay
time to failure - the proposed DTM-based model leverages
periodic inspections to identify defects and schedule
preventive maintenance (PM), thereby reducing the risk
of costly failures. The developed maintenance cost model
optimizes the inspection interval to minimize the long-term
expected cost rate, balancing inspection costs, PM costs,
and corrective maintenance (CM) costs. Parameter
estimation methods for Weibull-distributed defect initia-
tion time and delay time were formulated for both
continuous and discrete inspection data, using Maximum
Likelihood Estimation (MLE) to ensure robust model
parameterization. Validation using the FEMTO run-to-
failure dataset demonstrates the practical applicability of
the proposed approach, confirming its ability to accurately
estimate degradation parameters and optimize mainte-
nance schedules.

A comparative study with a conventional time-based
preventive maintenance (TBM) model highlights the
proposed model’s superiority, achieving a 24.4% reduction
in the long-term cost rate under baseline conditions.
Sensitivity analysis reveals that the DTM-based model’s
cost advantage is most pronounced when inspection costs
are low to moderate, providing practical guidance for
implementation in industrial settings. The framework’s
ability to incorporate real-time condition data through
periodic inspections makes it particularly suitable for
systems with limited continuous monitoring capabilities,
addressing a key gap in existing maintenance strategies.

The DTM-based periodic inspection model occupies a
critical, cost-effective hybrid position within the spectrum
of maintenance policies. It moves significantly beyond the
limitations of basic Time-Based Maintenance (TBM) by
incorporating condition information through periodic
checks, yet remains more logistically feasible and
economical than complex, high-cost, continuous Condi-
tion-Based Maintenance (CBM) approaches that require
dedicated integrated monitoring hardware. The frame-
work's ability to incorporate real-time condition data
through periodic inspections makes it particularly suitable
for systems with limited continuous monitoring capabili-
ties, addressing a key gap in existing maintenance
strategies.



Fig. 7. Impact of PM cost on (a) optimal cost rate of each maintenance model and (b) relative excess-cost between the two
maintenance models.
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Future research will focus on extending the practical
applicability and accuracy of the DTM-based framework.
This includes addressing real-world limitations by model-
ing the impact of imperfect inspections and enhancing
model fidelity by incorporating variable operating con-
ditions (e.g., load and speed) into theWeibull distributions
via covariates. To further optimize maintenance effective-
ness, research will explore hybrid inspection strategies -
combining the current periodic inspection with a non-
periodic, opportunistic approach - and developing an
optimized non-periodic (adaptive) inspection policy based
on the DTM, which is currently an unstudied area.
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