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Digital Twinning
Virtual Sensing

Diagnosis & Prognosis

Forward Modeling

• Uncertain Parameters
• Unknown Inputs

Model Inversion

• Parameter Estimation
• Input Estimation
• Uncertainty Quantification
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Integration of Physics-Based Models with Data

Modeling Errors Data

Situational Awareness
Predictive Maintenance

Emergency Response



( )ΘfY =ˆ
Y y=

( )pΘ θ( )p θ

θ

( )|p θ y

θ

( ) ( ) ( )
( )

p p
p

p
y θ θ

θ y
y

=

−−
θPθ ˆ,ˆ

++
θPθ ˆ,ˆ

Prior Information

Numerical Model

Simulation Error Model

Measurement

Likelihood Function

Bayesian Updating

3

( ) ( )ˆ ,NY Y Θ 0 R− ~

( ) ( ),p NY = y θ 0 R~
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First-Order Approximation: Kalman Filtering
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Unknown Input Excitation: Output-Only Model Updating

Unknown Base Excitation

Unknown Force Excitation

Unknown Input
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Bayesian Model Updating Applications

Digital Twinning of 
Civil Structures

Digital Twinning of 
Offshore Wind Systems

Wildfire 
Engineering 

Cross-Disciplinary 
Problems
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• Costly

• Periodic

• Subjective

• No system-level insight

• Hidden damage
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• # of bridges × inspection time × chaos = ?

• Intensity-based metrics can be inaccurate!

• Inspection complexity

• Hidden damage

• No system-level insight

Monitoring and Diagnosis of Aging Bridges



N. Malekghaini, F. Ghahari, H. Ebrahimian, M. Bowers, H. Azari, E. Taciroglu, “Time-Domain Finite Element Model Updating for 
Operational Monitoring and Damage Identification of Bridges,” Structural Control and Health Monitoring, 2023. 

Operational Monitoring Framework



Raspberry 
Pi camera 
and battery 

pack 

Tripod

Sandbag

Projected Vehicle Location

Length of the Bridge

W
id

th
 o

f t
he

 B
rid

ge

Validation Study – NOBL Testbed
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Create videos with https://clipchamp.com/en/video-editor - free online video editor, video compressor, video converter.
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N. Malekghaini, F. Ghahari, H. Ebrahimian, M. Bowers, E. Ahlberg, E. Taciroglu, “A Two Step FE Model Updating Approach for System and Damage 
Identification of Prestressed Bridge Girders,” Buildings, 2023. 

Finite Element Modeling 
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Time-Domain Model Updating






            

  

            

  

            

  

            

  

Damage Identification



Operational Monitoring of Offshore Wind Turbines
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Cyclic wind and wave loadings

Expensive operation and maintenance cost
Levelized cost of energy 

Condition monitoring for load estimation 
through physics-based digital twins

Fatigue damage 
and failure

Operational condition



Model Updating Framework
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Strain gauges

Wind and wave direction

Accelerometers

Acc. and strain 
data

Estimated loads 
and parameters 

Physical twin Digital twin

M. Valikhani, M. Nabiyan, M. Song, V. Jahangiri, H. Ebrahimian, B. Moaveni, “Bayesian Finite Element Model Inversion of Offshore Wind Turbine 
Structures for Joint Parameter-Load Estimation,” Ocean Engineering, 2024.



Time-Domain Model Updating
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Prediction
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Application to Block Island Wind Turbine Data

M. Song, B. Moaveni, H. Ebrahimian, E. Hines, A. Bajric, “Joint 
Parameter-input Estimation for Digital Twinning of the Block 
Island Wind Turbine using Output-only Measurements,” 
Mechanical Systems and Signal Processing, 2023.
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𝐌𝐌 𝛉𝛉 + 𝛿𝛿𝛿𝛿 𝐮̈𝐮𝑘𝑘 + 𝐂𝐂 𝛉𝛉 + 𝛿𝛿𝐂𝐂𝑘𝑘 𝐮̇𝐮𝑘𝑘 + 𝐫𝐫𝑘𝑘 𝐮𝐮1:𝑘𝑘 ,𝛉𝛉 + 𝛿𝛿𝐫𝐫𝑘𝑘 = − 𝐌𝐌 𝛉𝛉 + 𝛿𝛿𝛿𝛿 𝐋𝐋𝐮̈𝐮𝑘𝑘
𝑔𝑔 + 𝐟𝐟𝑘𝑘𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢

𝐌𝐌 𝛉𝛉 𝐮̈𝐮𝑘𝑘 + 𝐂𝐂 𝛉𝛉 𝐮̇𝐮𝑘𝑘 + 𝐫𝐫𝑘𝑘 𝐮𝐮1:𝑘𝑘,𝛉𝛉 = −𝐌𝐌 𝛉𝛉 𝐋𝐋𝐮̈𝐮𝑘𝑘
𝑔𝑔

𝐌𝐌 𝛉𝛉 𝐮̈𝐮𝑘𝑘 + 𝐂𝐂 𝛉𝛉 𝐮̇𝐮𝑘𝑘 + 𝐫𝐫𝑘𝑘 𝐮𝐮1:𝑘𝑘,𝛉𝛉 + 𝛚𝛚 𝑘𝑘 = −𝐌𝐌 𝛉𝛉 𝐋𝐋𝐮̈𝐮𝑘𝑘
𝑔𝑔

17

⇨ 𝛚𝛚𝒌𝒌: Modeling errors lumped at the structural level  
Kennedy and O’Hagan (KOH) method
⇨ Hierarchical approach: Jointly estimate 𝛉𝛉 and higher 
statistics of 𝛚𝛚𝒌𝒌 @ measurement locations

M-S. Nabiyan, H. Ebrahimian, B. Moaveni, C. Papadimitriou, “Adaptive Bayesian Inference Framework for Joint Model and Noise Identification,” ASCE Journal of Engineering 
Mechanics, 2022.

Limitation: Modeling Error or Model-Form Uncertainty
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Modeling 
Errors
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Adaptive Bayesian Inference for Model Updating 
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Fixed-Point Iterations 19

Joint Parameter, Input, and Noise Estimation 
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Estimate Ec, 𝜶𝜶, 𝜷𝜷 & Input Motion with Non-Stationary Non-Zero Mean Noise

Non-Adaptive vs. Adaptive Estimation



Machine-Infused Physics-Based Model Updating 

Transformation

`
`

Disassembly +

Transformation

+ Assembly

Structural Level Element Level Integration Point 
(IP) Level

Material 
Constitutive Model

𝐪𝐪: nodal disp.
 vector

𝐪𝐪𝑒𝑒𝑒𝑒𝑒𝑒: element disp.
vector in local 

coordinates
𝛆𝛆𝐼𝐼𝐼𝐼: IP strain
𝛆𝛆𝐼𝐼𝐼𝐼 = 𝐁𝐁𝐪𝐪𝑒𝑒𝑒𝑒𝑒𝑒

𝜀𝜀

𝜎𝜎

Physics-based (PB) 
𝜎𝜎𝑃𝑃𝑃𝑃 𝜀𝜀

Real 
𝜎𝜎 𝜀𝜀, ̇𝜀𝜀

𝛔𝛔𝐼𝐼𝐼𝐼: IP stress 𝜎𝜎 𝜀𝜀, ̇𝜀𝜀 =𝜎𝜎𝑃𝑃𝑃𝑃 𝜀𝜀 +𝜎𝜎𝑀𝑀𝑀𝑀 𝜀𝜀, ̇𝜀𝜀
Integration

𝐫𝐫𝑒𝑒𝑒𝑒𝑒𝑒: element force vector

𝐫𝐫𝑒𝑒𝑒𝑒𝑒𝑒 = �
𝑨𝑨𝑒𝑒𝑒𝑒𝑒𝑒

𝐁𝐁𝑇𝑇𝛔𝛔𝐼𝐼𝐼𝐼𝑑𝑑𝑑𝑑

 𝐫𝐫𝑒𝑒𝑒𝑒𝑒𝑒 = 𝐫𝐫𝑒𝑒𝑒𝑒𝑒𝑒,𝑃𝑃𝑃𝑃+ 𝐫𝐫𝑒𝑒𝑒𝑒𝑒𝑒,𝑀𝑀𝑀𝑀

𝐫𝐫: nodal force vector
𝐫𝐫 = 𝑒𝑒𝑒𝑒𝑒𝑒=1

#𝑒𝑒𝑒𝑒𝑒𝑒𝐀𝐀 𝐫𝐫𝑒𝑒𝑒𝑒𝑒𝑒

 𝐫𝐫 = 𝐫𝐫𝑃𝑃𝑃𝑃+ 𝐫𝐫𝑀𝑀𝑀𝑀
Machine-infused (MI) 

component (RNN)
𝛔𝛔𝐼𝐼𝐼𝐼 = 𝛔𝛔𝐼𝐼𝐼𝐼,𝑃𝑃𝑃𝑃+ 𝛔𝛔𝐼𝐼𝐼𝐼,𝑀𝑀𝑰𝑰

𝜎𝜎 𝜀𝜀, ̇𝜀𝜀 =𝜎𝜎𝑀𝑀𝑀𝑀 𝜀𝜀, ̇𝜀𝜀

Or:

NSF CAREER Award, “Bayesian Machine-Infused Physics-Based Data Assimilation for Digital Twinning and Uncertainty Quantification of Dynamical Systems,” 
DCSD Program, 2024.  
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