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Rotating Machinery

• Key component

– Safety and efficiency issues

• Prognostics and Health Management (PHM)

– Data-driven Method (Machine Learning)

– Model-based FDI (Fault detection, isolation and identification)

4

PHM

Hardware 
Redundancy

Analytic 
Redundancy

Output 
Estimation

Parity Space
Parameter 
Estimation

Observer

Unsupervised
Learning

Supervised
Learning

Data-driven Model-based

Residual 
Generation



Contents

• Rotating Machinery

• Model-based FDI

• FDI for Rotating Machinery

• Case Study

• Conclusion

5



• Analytic Redundancy

• Residual

– A quantitative difference between target system and mathematical model

– Observer-based residual estimation

Model-based FDI
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nonzero if  fault exists
residual  = 

0 if  no fault     







Assumptions and System Representation

• Linear Time-Invariant system (LTI)

• Discrete state space for normal system

• Faulty system

– Detailed equation or representation depends on the type of fault

• The equations have similar forms

– Enable to transform to generalized form
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Observer-based Residual Generation

• Faulty system

• State estimation via Observer

– Output estimation error (Residual)

• Relation between residual and fault signal
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Observer-based Residual Generation

• Normal case

– The residual value converges to zero-value

• Faulty case

– The residual value converges to specific shape
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Fourier Decomposition for General Faults

• Fourier Series

– Decompose a function of time into the frequency domain

• General fault signal
– Modeling as Fourier series with unknown coefficient
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• State estimation error

• Output estimation error

Fault Projection Matrix

11

1

0

1

ˆ[ 1] [ 1] [ 1]

( ) [ ] [ ]

( ) [0] ( ) [ ]

ˆ( ) [0] [ ]

[ ]

k
k q

q

k

k x k x k

A LC k Ff k

A LC A LC Ff k q

A LC k

k







 









    

  

    

  

 



   

   

2 1 2 1

1 1 1 1 1 1

1 1 0 0 1 1

1 1

1 0

ˆ [ ] ( ) ( ) ( ) ( ) ( ) ( )

2 1 2 1
[ ] exp ( ) ( ) exp (

j k j k
N Nk k kk e I T I T F I T I T F e I T I T F

k j k I T F I T F j k I T
N N

 

 

       
                       

   

 

 

 
        
 
 

        
             

      

1

1)    when 

2
[ ] : fault projection matrix,   where    exp ( )n

F k

n
k T j A LC

N




 

 
  

  
     

  

1

ˆe[ 1] [ 1] [ 1]

ˆ( [ 1] [ 1])

[ 1]

ˆ( ) [0] [ ]

[ ]       when  

k

k y k y k

C x k x k

C k

C A LC C k

C k k



 





    

   

 

   

  



Recursive Fault Parameter Estimation

• The linear relationship

– Least Square Estimation (LSE) can be used

– The object function and solution
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• Fault detection

• Fault parameter

• Fault identification

FDI for General Fault 
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• Only consider the bearing housing (X, Y)

• Spring-mass-damper system

• In a complex form

• Discrete state space form

System Modeling
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Case Study 1

• Fault detection and identification
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Case Study 2

• Different Operating Regime
– Input signal is changed
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• Data-driven vs. Model-based

• Fault occurs
– Output is changed

• Change of operation regime (input vector is changed)
– Output is also changed multi-regime operation (this is not a fault)

Case Study 3

Data-driven Model-based

System

Operation

Normal

Change of 
Operation

Fault
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Case Study 3

• Data-driven vs. Model-based

– Under stationary condition

• Observation (Normal) VS Observation (Fault)

• Observation (Fault) VS Fault signal

– Fault detection problem

• Classification problem
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Case Study 3

• Data-driven vs. Model-based

– Under non-stationary condition (or Transient)

• 1)                       : The normal state

• 2)                       : Although the fault occurs, the state is transient

• 3)                       : The fault state

21

5k 

5 8k 

8k 



Case Study 3

• Data-driven vs. Model-based
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• 2)                       : Although the fault occurs, the state is transient

• 3)                       : The fault state

22

5k 

5 8k 

8k 



Case Study 4

• Proposed method

– Deterministic study

– But the method can be applied for the stochastic case

• Reduction of the number of basis in the fault projection matrix

• Effect of low-pass filter
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Conclusion

• Model-based FDI is introduced

– Observer-based residual estimation

• The fault projection matrix is defined for FDI

• Proposed FDI method is validated through simulation

– 4 case studies

• Future work

– Include uncertainty into model (Modeling error, disturbance)

• Kalman filtered FDI or Unknown input observer-based FDI

– Implementation on testbed
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