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Perfusion imaging

CBF = niCBV /MTT
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Lognormal model

perfusion curve f(t)
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Sparse representation of signals

e model of signal y:
y = Ax

e infinitely many solutions of this equations
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Sparse representation of signals
e We want the sparsest possible, i.e.

min ||x||o subjectto Ax=y
X

.I"
-
i)



/1-relaxation
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e relaxed problem

min |[x||; subject to Ax=y. (P1)
X



Compressed sensing

e acceleration of the measurement

e longer computation time

min f(x) subjectto Ax =y
X

a prioriinformation
—sparsity of perfusion curve
spectrum
—low rank matrix of video data

measurement
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Compressed sensing

e CS problem: A
—
% :=argmin||x||, subjectto y= R® &}, (P1U)
P =z

e W s orthonormal basis for signal z, coordinates x are sparse

e & matrix N x N (in MRI Fourier transform)

e R is random matrix performing selection of m rows (in MRI
trajectory in k-space)




Reshaping video data




L+S model
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Simulation

perfusion phantom — video



Measurement matrices




Random mask
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Radial halflines
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