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•  Total stressed 
blood volume: 
SBV = ∑i VS,i 
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•  Total blood 
volume: 
TBV = ∑i Vi 
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•  In engineering 
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•  In medicine (Maas et al., 2012) 
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Driver function  
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Continuity equation: 

V 
Qout Qin 

VS = Qin – Qout 
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Pig data: 
•  Aortic and pulmonary artery pressures 
•  Ventricular pressures 
•  Ventricular volumes 
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•  From the literature 
 

•  Directly from data, e.g.: 
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•  e = simulations – measurements 
 

•  Jacobian matrix J =  e/ p 
 

•  Hessian matrix H ≈ JT J 
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•  Select the r largest eigenvalues of H 
 

•  Find the corresponding parameters 
through a QR decomposition 
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•  Model-based method to compute 
SBV from preload reduction data. 
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Thanks for your attention! 
Questions? 
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