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Condition-based maintenance (CBM) relies on diagnostic information inferred from condition monitoring data
to support maintenance decisions. While diagnostics are inherently uncertain in practice, most CBM frameworks
either assume perfectly observable degradation states or implicitly assume fully reliable diagnostics. This limitation
becomes more critical in systems with multiple fault modes, where diagnostic ambiguity is unavoidable and may
strongly affect maintenance performance. This paper studies CBM of bearings under multiple fault modes. First,
a physics-based kinematic model is developed to simulate vibration signals associated with outer race, inner race,
and ball defects, extending an existing bearing model to include ball defects. Based on the simulated data, a data-
driven fault diagnostics model is constructed using a 1D convolutional neural network with Monte Carlo dropout
to estimate the posterior probability of each fault mode. The estimated diagnostic posterior is then integrated
into maintenance decision-making through threshold-based condition-based replacement policies. Two policies
are proposed: one triggers preventive replacement only when diagnostic confidence is sufficiently high, and the
other triggers inspection when diagnostic uncertainty is high. A numerical case study demonstrates that relying
on point-estimate diagnostics increases maintenance costs, whereas explicitly accounting for diagnostic uncertainty
substantially reduces costs. The results highlight the importance of uncertainty-aware diagnostics for cost-effective
condition-based maintenance, particularly when inspections are costly and diagnostics are imperfect.

Keywords: condition-based maintenance, fault diagnostics, diagnostic uncertainty, Monte Carlo dropout, bearing
fault simulation.

1. Introduction

Condition-based maintenance (CBM) is an ef-

fective approach to maintain systems subject to

increasing degradation, where maintenance deci-

sions are taken based on the system conditions.

Ideally, CBM enables just-in-time maintenance,

where unnecessary interventions (early replace-

ments) and failure risk are reduced Alaswad and

Xiang (2017). However, its effectiveness hinges

on how accurately and reliably the system health

can be inferred from condition monitoring data

de Jonge (2017). Accordingly, diagnostics directly

influence the effectiveness of CBM policies. Nev-

ertheless, most CBM frameworks proposed in

the literature either assume perfectly observable

degradation states Kıvanç et al. (2025), or implic-

itly assume fully reliable diagnostics. However, in

practice, diagnostics are uncertain, and this un-

certainty should be accounted for when making

maintenance decisions.

When degradation paths are diverse with mul-

tiple possible fault modes, namely, multi-fault-

modes diagnostics, diagnostics become more

challenging, and their uncertainty becomes more

crucial. Only a few studies consider diagnostic

uncertainty in CBM, Lee and Mitici (2023); Lee

et al. (2022); Eggertsson et al. (2023), and mostly

rely on the simplified assumption of a single fault

mode. Thus, integrating multi-fault mode diag-

nostics in CBM, considering the diagnostics un-

certainty, is needed.

This work considers CBM of bearings in ro-

tating machinery. The bearing consists of outer

race, inner race, and balls (rolling elements). De-

pending on the location of the defect, it has three

fault modes as shown in Fig. 1. Although bearings

are often replaced as a whole rather than repaired
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(a) (b) (c)

Fig. 1.: Three defect locations (fault modes) of a

bearing: (a) outer race, (b) inner race, and (c) ball.

by individual elements, identifying the fault mode

is essential because different fault modes have

different operational impacts Randall and Antoni

(2011).

Bearings are among the most-studied mechan-

ical components for diagnostics, but the integra-

tion within CBM decision frameworks remains

underexplored. For example, Zheng et al. (2024)

propose a physics-based nonlinear dynamic model

for early-stage bearing fault evolution. Taghi-

yarrenani and Berenji (2022) propose a data-

driven method with data augmentation to iden-

tify bearing fault modes. However, estimation of

diagnostic uncertainty and its use in CBM need

further investigation in the context of maintenance

optimization.

In this work, we integrate the uncertainty-

aware diagnostics for multiple fault modes into

a condition-based maintenance (CBM). As a pre-

liminary step, we develop a dynamics model of a

bearing to simulate faulty vibration signals from

multiple bearing faults. This extends the previ-

ous work of Patil et al. (2010) to ball defects,

which are critical contributors to failures in ro-

tating machinery. We propose a data-driven di-

agnostics model to quantify the posterior prob-

ability of each fault mode using Monte Carlo

dropout. The posterior distribution provides richer

information for better CBM decisions than tradi-

tional point estimates of fault modes. Then we

propose a threshold-based CBM strategy that in-

tegrates uncertainty-aware diagnostics into main-

tenance decisions. Using a numerical case study,

we demonstrate that explicitly estimating and ac-

counting for diagnostic uncertainty reduces main-

tenance costs.

2. Problem description:
Condition-based maintenance of
bearing using uncertainty-aware
diagnostics

We consider a single-component system subject

to increasing degradation. The system can be in

a finite number of discrete states, and we denote

the degradation state at time step t with St ∈ S .

The set S includes the healthy state H , the failed

state F , and a number of intermediate mutually

exclusive fault modes. The number and type of

fault modes depend on the system at hand. The

system state St is not directly observable, un-

less an inspection is performed at cost CI . If the

system fails (St = F ), it is self-reporting, and

we perform corrective replacement to return the

system to the healthy state at cost CC . Before the

system fails (St �= F ), we can perform preventive

replacement to return the system to the healthy

state at cost CP . We consider an infinite planning

horizon, and divide it into discrete time steps t.

At every time step t, we can perform maintenance

action at ∈ {∅, IN,PM, IN + PM}, where IN

and PM denote inspection and preventive replace-

ment, respectively. Here, corrective replacement is

not a decision because it is automatically triggered

by the self-reporting failure.

The objective is to minimize the long-run aver-

age maintenance cost g(π), defined as,

g(π) = lim
T→∞

1

T
Eπ

[
T∑

t=1

C(at, St)

]
, (1)

where π is a maintenance policy and C(·) is the

maintenance cost.

A condition monitoring tool (e.g., vibration

sensors) is available to support maintenance de-

cisions. However, the true state of the system is

hidden, except for the failed state. Every time step

t, the condition monitoring data (e.g., vibration

sensors) of the system, Xt, is obtained with neg-

ligible cost. Xt is an unknown, noisy, physical

function of the true state St. We aim to infer the

posterior distribution of the hidden state given the

observation,

h(s,Xt) = P(St = s|Xt), s ∈ S. (2)

The diagnostics output serves as the informa-
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tion source for condition-based maintenance de-

cisions.

This study proposes an uncertainty-aware diag-

nostics model h for a bearing with multiple fault

modes, and a condition-based maintenance policy

π using the uncertain diagnostics results.

3. Methodology

The methodology includes a dynamics model for

bearing simulation, an uncertainty-aware diagnos-

tic method, and a condition-based maintenance

policy.

3.1. Vibration simulation of faulty
bearing using a dynamics model

A dynamics model of bearing vibration under var-

ious defect types is proposed. This model is based

on bearing kinematics and solves the equation of

motion of the inner shaft due to Hertzian contact

deformation caused by displacement and defects

Patil et al. (2010).

The geometry of the bearing is defined by sev-

eral parameters. The pitch diameter is D, and the

ball diameter is d. The radial clearance is Cr. The

number of balls is Z, and their indices are j.

Figure 2 shows the kinematics of the bearing as-

suming non-slip conditions among the inner race,

outer race, and balls. The outer race is assumed to

be fixed ωo = 0, and the rotational speed of the

inner race is ωi > 0. The rotational speed of the

bearing cage is ωc = ωi

2 (1 − d
D cosα), where α

is the contact angle. The spin speed of the ball is

ωb = ω
2

D
d (1 − d2

D2 cos
2 α). The angular position

of the ball j at time t is θj(t) = ωct+ θj(0) as the

ball rotates with the cage. The spin angle of the

ball at time t is ωbt, and its spin angle with respect

to the radial axis r̂ is ζ(t) = ωbt+ θj(t).

The deformation of the bearing is caused by the

displacement of the inner race and defects. Let

the coordinates of the center of the inner race be

(x, y). Its displacement larger than the clearance

Cr causes the following deformation of ball j,

δj,disp = x cos θj(t) + y sin θj(t)− Cr (3)

A defect is modeled as a dent on the surface

of the outer race, inner race, and balls. The depth

of a dent is modeled as a trigonometric form Patil

Fig. 2.: Kinematics of bearing

Fig. 3.: Geometry of a ball surface defect.

et al. (2010). Fig. 3 shows the geometry of a ball

surface defect with depth Db and width Wb. Its

angular width is φb = Wb

d/2 . Its angular position at

time t with respect to the radial axis r̂ in Fig. 2 is

obtained as,

ζj,b(t) = ωbt+ ωct+ θj(0) + ψb, (4)

where ψb is the angular position of the defect with

respect to a reference point on the ball surface.

The defect on ball j contacts with outer race

if and only if −φb

2 ≤ ζj,b(t) ≤ φb

2 . Assuming

its trigonometric shape, the contact reduces the

deformation of the ball by δj,ball,

δj,ball = Db cos

(
ζb(t)

φb
π

)
(5)

Similarly, the defect contacts with inner race if

and only if −φb

2 ≤ ζb(t) + π ≤ φb

2 , and reduces

deformation δj,ball = Db cos
(

ζj,b(t)+π
φb

π
)

.

The defect on outer race surface and inner race

surface are modeled in Patil et al. (2010). Let the

reduced deformation due to outer race and inner

race defect be δj,out and δj,in, respectively. Then,

the total deformation of ball j is,

δj = max(0, δj,disp− δj,out− δj,in− δj,ball) (6)

The deformation exerts Hertzian force on the

shaft,

Fj = Kδ
3/2
j , (7)
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Table 1.: Geometric parameters of bearing

Parameter Value

K 8.375× 109 N/m3/2

D 43.39mm
d 11.27mm
Z 7
Cr 11.29μm
α 0 ◦

Source: Patil et al. (2010)

where K is Hertzian contact elastic deformation

constant. Randall (2021) The net force on the shaft

is the summation of Fj for all balls.

FX =
Z−1∑
j=0

Fj cos θj(t),

FY =
Z−1∑
j=0

Fj sin θj(t)

(8)

The vibration of the shaft (inner race) follows

the equation of motion,

Mẍ+ cẋ+ FX = LX

Mẍ+ cẋ+ FY = LY ,
(9)

where M is mass on the shaft, c is damping coeffi-

cient of bearing in radial motions, and LX and LY

are external loads. Eq. (9) can be solved numer-

ically using Runge-Kutta 4th order method. The

solution (ẍ(t), ÿ(t)) simulates the 2 axes vibration

signals,

ax(t) = ẍ(t) + εx

ay(t) = ÿ(t) + εy,
(10)

where εx and εy are Gaussian sensor noise.

To account for operational uncertainty, the ro-

tational speed of the inner shaft and the external

loads are perturbed. The inner shaft speed ωi is

sampled from a Gaussian distribution with mean

1200RPM and standard deviation 12RPM (i.e.,

1% of the nominal speed). The external loads

are modeled as Gaussian random variables, with

LX ∼ N (−100, 102), LY ∼ N (0, 102).

3.2. Uncertainty-aware diagnostics for
multiple fault modes

3.2.1. Data pre-processing

The vibration monitoring data ax(t) and ay(t)

are transformed into the frequency domain using

Fast Fourier Transform (FFT) to separate fault-

related spectral components from noise Randall

(2021). The FFT yields magnitude values at dis-

crete frequency bins fk = k
N fs, where fs is sam-

pling frequency and N is the number of samples.

Only frequency components up to a predefined

cut-off frequency fcutoff were retained, as higher

frequency components primarily capture measure-

ment noise and hardly carry physically mean-

ingful information for the bearing fault. fcutoff
is set sufficiently higher than the characteristic

bearing fault frequencies (e.g., BPFO, BPFI, FTF,

and BSF) Randall (2021). Finally, the magnitudes

are normalized per frequency bin fk based on

the mean and standard deviation of the training

data. Let my,k and my,k be the magnitude values

of ax and ay at frequency bin fk, and X =

{(mx,k,my,k)|0 ≤ fk ≤ fcutoff} be the input

feature for the fault diagnostics.

3.2.2. 1D CNN with MC dropout

An uncertainty-aware diagnostics model is devel-

oped based on a 1-dimensional convolutional neu-

ral network (1D CNN) with Monte Carlo (MC)

Dropout.

A 1D CNN extracts fault-related patterns local-

ized along the frequency axis. CNN layers learn

local spectral patterns by kernels, while an in-

creasing number of channels capture features at

increasing levels of abstraction. The network con-

sists of three convolutional blocks, each composed

of a 1D CNN layer, a ReLU activation, and max

pooling. Max pooling progressively reduces the

frequency resolution, focusing peak outputs. The

numbers of channels and kernels are shown in

Table 2

After the final CNN block, each channel is

averaged into a single scalar by Global Average

Pooling (GAP). GAP yields a compact channel-

wise feature vector and significantly reduces the

number of learnable parameters, preventing over-
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Table 2.: Architecture of the 1D CNN for fault

mode diagnostics

Layer Type Kernel / Pool Channels

Input – – 2
Conv1 Conv1D + ReLU 7 16
Pool1 MaxPool1D 4 –
Conv2 Conv1D + ReLU 5 32
Pool2 MaxPool1D 4
Conv3 Conv1D + ReLU 3 64
Pool3 MaxPool1D 4 –
GAP Global Avg. Pool – 64
FC1 Linear + ReLU – 32
Dropout Dropout – –
FC2 Linear (logits) – 4

fitting and enhancing model generalization.

Lastly, the pooled features are passed to small

fully connected layers with ReLU activation, fol-

lowed by dropout layers. The final layer outputs

class-wise logits l(s) denoting the possible states

s ∈ S .

The model is trained using a cross-entropy loss

for multi-class classification, augmented with an

L2 regularization term.

3.2.3. Uncertainty estimation via MC dropout

The model uncertainty of the diagnostics is quan-

tified using MC dropout during inference. Mul-

tiple stochastic forward passes with dropout ac-

tivated generate a set of predictive outputs for

a given input feature X . This procedure yields

a Monte Carlo approximation of the predictive

posterior, which can be interpreted as approximate

Bayesian inference under a variational approxi-

mation equivalent to a deep Gaussian process Gal

and Ghahramani (2015).

P (S = s|X) ≈ 1

K

K∑
k=1

P

(
S = s|X,w(k)

)
(11)

Here, w(k) is the effective network weight of the

k-th dropout realization.

The point-estimate of the state ŝt is obtained by

the maximum posterior.

ŝt = argmax
s∈S

P(s|Xt) (12)

3.3. Condition-based maintenance using
a posterior of fault diagnostics

The true state of a bearing St at time t, is modeled

as a discrete time Markov chain in Fig. 4.

St ∈ S := {H,O, I,B, F}, (13)

where H is the healthy state, O, I , and B are

three fault modes, and F is failed state. Let pi,j =

P(St = j|St−1 = i) denote the state transi-

tion probabilities. The degradation dynamics are

characterized by the following assumptions. From

the healthy state, the component either remains

healthy or transits to one of the fault modes. The

fault modes are mutually exclusive, and transi-

tions between different fault modes do not happen.

Each fault mode persists for a random duration

and eventually transit to failure. The transition

matrix P is,

P =

⎡
⎢⎢⎢⎢⎣
pH,H pH,O pH,I pH,B 0

0 pO,O 0 0 pO,F

0 0 pI,I 0 pI,F
0 0 0 pB,B pB,F

0 0 0 0 1

⎤
⎥⎥⎥⎥⎦ . (14)

The transition matrix P is unknown and unavail-

able for maintenance decisions, as is the case in a

real maintenance process.

Fig. 4.: Markov chain model of bearing degrada-

tion

We propose two condition-based replacement

(CBR) policies using the posterior inference

P(St = s|Xt) based on the condition monitoring

data Xt. A threshold-based approach is used.

The first policy (CBR1) is to trust diagnostics

only if the posterior exceeds a threshold η1. If a

fault mode is inferred with sufficiently large poste-

rior, i.e., P(ŝ|Xt) > η1, a preventive replacement

(PM) is performed. Otherwise, the diagnostics re-

sult is considered insufficient to suspect a defect,

and the system is let to run (do-nothing, ∅).
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The second policy (CBR2) is to perform inspec-

tion when the posterior is less than a threshold

η2. If maxs∈S P(s|Xt) < η2, then an inspection

is performed. The inspection is assumed to be

perfect, so the true state st is obtained after the

inspection. If st ∈ {O, I,B}, we perform preven-

tive maintenance.

4. Numerical Case Study

4.1. Uncertainty-aware fault mode
diagnostics

The proposed 1D CNN with MC dropout is

trained on simulated condition monitoring data.

The training data consists of 135 healthy data, and

135 faulty data. The faulty samples comprise 45

distinct defects, with 3 samples per defect. Each

defect is characterized by its type (O, I,B), width

(0.3 mm, 0.5 mm, 0.8 mm), and angular positions

(-90◦, -45◦, 0◦, 45◦, and 90◦). An example of a

preprocessed feature Xt is shown in Fig. 5. The

testing data set contains 15 healthy samples and 45

faulty samples with random sizes and positions.

First, the trained model is tested with its point-

estimate diagnostics ŝt in Eq. (12). The confusion

matrix is shown in Fig. 6. The model detects the

healthy, inner race defect, and ball defect nearly

perfect, while the outer race defect has high false

negative rate.

The high false negative rate for outer race de-

fects is partly due to their physical nature. While

the inner race defect and ball defect rotate rapidly

with the bearing, the outer race defect is fixed.

If the outer race defect is located outside of the

Fig. 5.: An example of feature X of a bearing with

an inner race defect of size 0.5 mm.

Fig. 6.: Confusion matrix of test data

Fig. 7.: Posterior of the diagnostics of each test

samples.

loading zone, it does not cause detectable vibra-

tion because the bearing does not interact with

it. For example, when vertical downward loading

is applied, the outer race defect located in the

upper side (Fig. 1c) is less likely to cause vibration

because all the balls and the inner race are pushed

downward. In fact, the false negative samples of

outer race defect correspond to angular positions

above -45◦.

Second, the posterior distributions of the diag-

nostics are investigated. The size of each bar in

Fig. 7 corresponds to the posterior of each state.

The diagnostics exhibit ambiguity primarily be-

tween the pairs (H,O) and (I, B), as reflected by

similarly distributed posterior across these classes.

In particular, for samples with outer race defects

(indices 16-30), the misclassified cases still assign

a non-negligible posterior probability to state O.

This indicates that these errors are not overcon-

fident misclassifications. Such a quantified poste-

rior enables maintenance decisions to account for

diagnostic ambiguity, rather than relying solely on
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Table 3.: Maintenance cost rate

Policy Inspections Prev. Rep. Corr. Rep. ECC ECL Cost rate

TBR (τR = 4) - 0.71 0.28 21.47 3.76 5.71 0.0%
TBI (τI = 1) 3.99 1.00 0.00 17.98 3.99 4.51 -3.2%
CBR0 - 0.97 0.03 11.20 1.99 5.63 +20.8%
CBR1 (η1 = 0.4) - 0.59 0.41 26.40 6.01 4.39 -5.7%
CBR2 (η2 = 0.4) 3.44 1.00 0.00 16.88 4.22 4.00 -14.1%

point-wise classification.

4.2. Condition-based maintenance

We assume CBM setup where corrective mainte-

nance is more expensive than preventive replace-

ment (CC > CP ) and inspection cost is not

negligible (CI > 0). In this numerical example,

CI = 2, CP = 10, and CC = 50.

We assume an arbitrary degradation model re-

flecting the operational characteristics of three

fault modes. Outer and inner race defects are more

common than ball defect, i.e., pH,O = pH,I =

0.1, and pH,B = 0.05. The risk of critical bearing

failure is largest with ball defect, while lest with

outer race defect, i.e., pO,F = 0.2, pI,F = 0.3,

and pB,F = 0.4.

The two proposed condition-based replacement

policies (CBR1 and CBR2), which use the di-

agnostic posterior, are compared to three typical

maintenance policies. (1) Time-based replacement

(TBR): A bearing is replaced after a fixed time

interval τR. (2) Time-based inspection (TBI): A

bearing is inspected after a fixed time interval τI .

If the inspection finds a defect, the bearing is pre-

ventively replaced. (3) Condition-based replace-

ment with point-estimate diagnostics (CBR0): At

every time step t, the diagnostics result is fully

trusted and if Ŝt is faulty (O, I , or B) then it is

preventively replaced.

Monte Carlo simulation is conducted to es-

timate the cost rate (g) defined in Eq. (1). As

the maintenance process is a renewal reward pro-

cess, where both preventive and corrective re-

placements are renewal points, g can be calculated

as the ratio of the expected cycle cost (ECC) to the

expected cycle length (ECL). Table 3 shows the

result of 100 simulations. The parameters τR and

τI are numerically optimized.

Blindly relying on the diagnostics (CBR0) ac-

tually increases the cost rate. This is because

any false-positive fault detection will immediately

trigger preventive replacement. Too frequent pre-

ventive replacements reduce ECL unnecessarily

and increase the cost rate.

By taking only the confident diagnostic results,

CBR1 significantly reduces the cost rate com-

pared to TBR, TBI, and CBR0. In particular, ECL

is significantly higher under CBR1 than under

CBR0, which is the main driver of cost reduction.

As a trade-off, more corrective replacements are

performed. Overall, this reduces the cost rate by

5.7%.

By paying for an inspection to get the true state

when the diagnostics are less confident, CBR2

reduces the cost rate by 14.1%. This is achieved by

two mechanisms. First, most corrective replace-

ments are prevented by detecting defective states

through inspections, especially when diagnostic

uncertainty is high. Second, fewer inspections are

performed than in TBI because inspections are re-

quested only when diagnostic uncertainty is high.

Overall, Table 3 demonstrates that explicitly

considering diagnostic uncertainty is essential for

cost-effective condition-based maintenance.

5. Conclusion

We investigated condition-based maintenance

(CBM) under uncertain multi-class fault diagnos-

tics and demonstrated its benefits for reducing

maintenance costs. First, we proposed a data-

driven fault diagnostics model that quantifies un-

certainty by using an approximate Bayesian pos-

terior through Monte Carlo dropout. Second, we

proposed two CBM methods that integrate diag-
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nostic posterior information into preventive re-

placement and inspection decisions. The numer-

ical case study showed that the proposed CBM

policies reduce costs by preventing expensive cor-

rective replacement and unnecessarily early pre-

ventive replacement, and by conducting inspec-

tions only when necessary. Finally, this work takes

an initial step to link data-driven diagnostics and

maintenance policy optimization, two fields of

research that have been disjointed.
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