
A comparison study for bearing remaining useful

life prediction by using standard stochastic

approach and digital twin

© 2020 SUBPRO/NTNU. Distribution, copying and publishing only with written consent from NTNU

© Equinor ASA
Prepared for RAMS seminer  
Date: 10/03/22

PhD Candidate: Jie Liu

Supervisor: prof. Shen Yin

Co-supervisor: prof. Jørn Vatn



2

Comparison study for bearing remaining 

useful life prediction 

• Authors: Jie Liu, Jørn Vatn, Viggo Gabriel Borg Pedersen, 

Shen Yin

• Journal：International Journal of Reliability and Safety

• Bearing experiment

• RUL prediction

– Stochastic approach - Wiener process

– Stochastic approach - GBM

– Matlab digital twin



Experiment setup

Amplifier:
coupler



Bearings



Experiment output



Original data vs feature selection



Stochastic approach I

- Wiener process

• Degradation process 

• 𝑌 𝑡 = 𝑦0 + 𝜇𝑡 + 𝜎𝑊(𝑡)

• Δ𝑌~𝑁 𝜇 𝑡 − 𝑠 , 𝜎2 𝑡 − 𝑠 , 0 ≤ 𝑠 ≤ 𝑡

• Inverse Gaussian distribution method

• The CDF of first passage time
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• Where 𝑣 = 𝐿/𝜇 and 𝜆 = 𝐿2/𝜎2
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Stochastic approach II 

- Geometric Brownian Motion

• Degradation process

• 𝑑𝑆 𝑡 = 𝜇𝑆 𝑡 𝑑𝑡 + 𝜎𝑆 𝑡 𝑑𝑊 𝑡

• 𝑆𝑡 = 𝑆0exp( 𝜇 −
𝜎2

2
𝑡 + 𝜎𝑊(𝑡))

• The CDF of first passage time
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• Where 𝑣 =
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Matlab Digital twin

• ℎ 𝑡 = 𝜙 + 𝜃 ∗ exp(𝛽𝑡 + 𝜖 −
𝜎2

2
)
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Results

Status
Standard 
Deviation

Peak to Peak RMS Energy

Initial status 3.49E-01 2.53E+00 3.49E-01 1.71E+01

Threshold 2.15E+00 1.65E+01 2.15E+00 9.54E+03

Lifetime 500 minutes



Stochastic 

Process
Data sets No. Method Parameter Standard Deviation Peak to Peak RMS Energy

E(T) 1370 1011 1370 3530

Var(T) 3.97E+04 2.62E+05 3.97E+04 1.03E+05

Prediction error 174% 102% 174% 606%

E(T) 1371 1017 1371 3531

Var(T) 3.96E+04 2.65E+05 3.93E+04 1.02E+05

Prediction error 174% 103% 174% 606%

E(T) 559 550 559 510

Var(T) 1.03E+04 5.86E+04 1.03E+04 1.11E+04

Prediction error 12% 10% 12% 2%

E(T) 561 552 560 511

Var(T) 1.04E+04 5.92E+04 1.04E+04 1.12E+04

Prediction error 12% 10% 12% 2%

E(T) 730 NA 730 NA

Var(T) 3.29E+05 NA 3.29E+05 NA

Prediction error 46% NA 46% NA

E(T) 729 NA 734 NA

Var(T) 3.09E+05 NA 3.11E+05 NA

Prediction error 46% NA 47% NA

E(T) 479 NA 479 NA

Var(T) 9.58E+04 NA 9.58E+04 NA

Prediction error -4% NA -4% NA

E(T) 484 NA 481 NA

Var(T) 9.68E+04 NA 9.42E+04 NA

Prediction error -3% NA -4% NA

GBM

First 50

Inverse Gaussian 

distribution

Monte Carlo 

simulation

First 99

Inverse Gaussian 

distribution

Monte Carlo 

simulation

WP

First 50

Inverse Gaussian 

distribution

Monte Carlo 

simulation

First 99

Inverse Gaussian 

distribution

Monte Carlo 

simulation

Comparison of stochastic approaches

Stochastic 

Process
Parameter

Standard 

Deviation

Peak to 

Peak
RMS Energy

1.57E-03 1.63E-02 1.57E-03 2.70E+00

8.44E-03 2.63E-01 8.43E-03 1.46E+01

3.84E-03 3.00E-02 3.84E-03 1.87E+01

1.65E-02 3.10E-01 1.65E-02 8.74E+01

3.88E-03 4.48E-03 3.88E-03 8.56E-03

5.28E-02 4.41E-01 5.28E-02 2.89E+00

5.23E-03 4.45E-03 5.23E-03 1.21E-02

5.37E-02 4.07E-01 5.37E-02 4.11E+00

Wiener 

process

GBM

𝜇  0

𝜇   

𝜎  0

𝜎   

𝜇  0
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𝜎   



Predicted RUL by Wiener process
feature: Energy

Samle 

No.

Current 

Time

Predicte

d 

Lifetime

True RUL
Predicate 

RUL
Variance

Predict 

error

50 250 3530 250 3280 1.03E+05 606%

55 275 4542 225 4267 3.68E+05 808%

60 300 1654 200 1354 6.14E+04 231%

65 325 2624 175 2299 3.84E+05 425%

70 350 2807 150 2457 4.78E+05 461%

75 375 2468 125 2093 3.17E+05 394%

80 400 1954 100 1554 1.63E+05 291%

85 425 1218 75 793 5.56E+04 144%

90 450 840 50 390 2.54E+04 68%

95 475 551 25 76 1.33E+04 10%

99 495 510 5 15 1.11E+04 2%



Predicted RUL by GBM

feature: standard deviation vs RMS

Samle No.
Current 

Time
Predicted 
Lifetime

True RUL
Predicate 

RUL
Variance

Predict 
error

50 250 730 250 480 3.29E+05 46%

55 275 -23227 225 -23502 -1.09E+10 -4745%

60 300 739 200 439 3.62E+05 48%

65 325 3495 175 3170 4.39E+07 599%

70 350 2965 150 2615 2.53E+07 493%

75 375 1543 125 1168 3.48E+06 209%

80 400 864 100 464 6.01E+05 73%

85 425 773 75 348 4.13E+05 55%

90 450 660 50 210 2.54E+05 32%

95 475 489 25 14 9.95E+04 -2%

99 495 479 5 -16 9.58E+04 -4%



Predicted RUL by Matlab digital twin



Conclusions 

• All model’s prediction results are improved when there are more 
information about the bearing’s status. Number of required data sets: 
Matlab digital twin < GBM < Wiener process. 

• When there is enough information, stochastic models have lower 
prediction error than the Matlab digital twin. 

• After dataset 80, the prediction error of Matlab digital twin is around 3%. 

• For stochastic approaches, single feature is used for prediction. While for 
Matlab digital twin, it used fusion features for prediction. 

• Digital twin is that it takes longer time to run the model than stochastic 
approaches.
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