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Sub-Millisecond Construction of Digital Twin Using AI

Results

High-rate systems
• Experiencing accelerations higher than 100 gn in 

less than 1 ms

• Large uncertainties in the external loads

• High levels of non-stationarities

• Generation of unmodeled dynamics

High-rate structural health 
monitoring challenges
• Unknown or uncertain dynamics

• Real-time modeling requirement

• Less than 100 µs computation time per decision 
step

• Limited access to training data
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Takens’ embedding theorem

Subsampled 

datapointsTime delay

Embedded 

point cloud

Topologically equivalent to the original 

dynamics

Persistent homology
• Employing simplicial complex on embedded point cloud to compute homology groups

• Keep a record of various ϵ values

• 𝐻0 zero-dimensional hole, 𝐻1 one-dimensional hole
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Data pre-processing

• Low pass filtration

• Normalization

• Dimension

• Time delay

• Window 
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• Gaussian process  

regression

• Neural network 

ensemble (NNE)

• Monte Carlo dropout 

(MC)

• Recurrent neural 

network (RNN) + 

NNE

• RNN + MC
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