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Introduction

ÅDynamic image

ï/ƛƴŜ ŎŀǊŘƛŀŎ ƛƳŀƎŜΣ ŦawLΧ

ÅHigh temporal frame rate

ïReduce the acquisition amount of data

ÅData sharing

ïSampling less and reconstructing more
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Data sharing

ÅData sharing

ïKeyhole

ïUNFOLD

ïK-t BLAST

ÅSacrifice the spatial resolution for high 
temporal resolution.
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Concept of k space

Center : Contrast Outside : feature
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Keyhole

ÅOnly acquire the center of k space for major 
information of object
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Keyhole

ÅOne full sampled reference image in needed

ÅOthers sample the center of k-space

ï25% of full k-space

ïShare the high frequency data from reference 
frame
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Dynamic image
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Cine cardiac image
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ÅKeyhole acquisition is based on the 
assumption that dynamic information is 
bandlimited in k-space (i.e. image changes 
have low spatial resolution)

ÅContrast agent uptake studies
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ÅHow to sacrifice the spatial resolution for 
higher temporal resolution?

ïMore high frequency information
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Full sampling in k space
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Point spread function (PSF)
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Undersampling in k space

Å2-fold undersampling

ÅReduce FOV size by 2-fold
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If shift the sampling line

ÅStill 2-fold undersampling and ½  FOV
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Shift one sampling line
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Dynamic image

ÅAcquiring even and odd images alternatively
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Along the time dimension

ÅAcquiring odd and even images alternatively

...

Even image Odd image
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The alias portion and true portion can 
be distinguished

DC Nyquist
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If object is not static

ÅCardiac image

DC Nyquist
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UNFOLD

1. Exploiting the temporal information to label 
the spatial aliasing portion.

2. Apply a low pass filter

3. Reconstruct by FFT along temporal frequency
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2-fold acceleration for 
dynamic cardiac image
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1D FFT along temporal dimension

ÅThe spectrum of temporal frequency is 
associated with different voxel position 
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2D FFT along temporal dimension

ÅFull sampling image

ÅIgnore the readout direction (no aliasing)
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x-f space

Åx(or y): position along phase encoding direction

Åf: temporal frequecy 
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Zero filling 

ÅFOV is same as full sampling image

ÅPSF(aliasing) is same as 2-fold undersamping 
image
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2-fold UNFOLD

t

kx

ky

t

x

y

26



ÅThe aliasing in y-f space
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K-t space

ÅEach frame in dynamic image is the sampling 
along time 
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2D FFT in k-t space

ÅIn k space, kx and ky are independent

ÅIf we regrad ky and t as two independent

variables
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PSF after 2D FFT
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Convolution
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How to construct the low-pass filter

ÅHow do we know where the dynamic parts are?
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ÅUse a prior assumption about temporal 
bandwidth of object

ÅIf the replicate portion does not overlap the 
true portion, the low-pass filter is feasible
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Demo time
and then take a break!
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ÅIf overlaps occur?
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K-t BLAST

ÅGenerate a well-defined filter

ïThe approximate spectrum profile in x-f space  

ïThe point spread function of undersampling 
pattern in k-t space 

ïLlinear algebraic solution 

ÅLike SENSE
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The information of full sampled image 
in y-f space 
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Ponder the high temporal frame rate

ÅLow resolution sampling pattern

ïRough information in x-f space

ÅEstimation of signal magnitude(mx,f) for each voxel 

ïTraining stage (priori information)
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High spatial resolution frame 

Å4-fold undersampling

ÅThe PSF in based on the undersampling pattern in k-t 
space

ÅAcquistion stage
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Acquisition stage

ÅThe aliasing image ( álias)

ïThe information of aliasing distribution

ïThe information of real signal value
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Reconstruction

ÅInfinite solution

ï1 equation 

ï4 variables
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Optimal solution

ÅAccording to the priori information, the ratio 
of 4 esitimate can be evaluated
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Issue

ÅWhy 1́: 2́: 3́: 4́=m1
2:m2

2:m3
2:m4

2  ?

ÅIn statistic view point

ïLeast square method

ïMinimize L2-norm
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Example
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fálias

Prior information 4-fold undersampling x-f

f

1́=0.9

2́=5.1

3́=3.8

4́=1.1

y

full sampling x-f

54



Another example
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Simulation

ÅSame frame rate

ïTraining stage

Å9 lines per segment -> 2TR

ïAcquisition stage

ÅSegment order = 0,4,1,5,2,6,3,7

ÅEach 2 segment combine into one time point -> 2TR
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Traning stage

ÅFilter in k
ïEliminateƎƛōōΩǎartifact

ÅSet DC term to zero
ïSelect from acquisition stage

ÅFilter in f
ïAttenuate high frequecy 

signal

ÅSafety margin
ïAdjust signal intensity

ÅSquared magnitude
ïM2

x,f
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Acquisition stage

ÅTemporal average

ïDC component of full

sampling

ïInstead the DC component

in train stage

ÅSubtract 

ïAvoid the DC component

misestimate
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Reconstructed ungated cardiac image

ÅFOV: 310x201.5 mm2

ÅMatrix: 128x80

ÅSlice thickness: 10 mm

ÅTR: 13ms

ÅTE: 6.2 ms

ÅEcho train length: 9
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K-t BLAST

ÅGenerate a well-defined filter

ïThe approximate spectrum shape in x-f space  

ïThe point spread function of undersampling 
pattern in k-t space 

ïLlinear algebra 

ÅLike SENSE
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Well-conditioned filter

ÅUndersampling x-f space

ḯ alias (2-fold undersmapling)

ÅPrioir information
ïMx,f

ÅEstimated weight (filter) 

ÅFilter the high frequency part

ḯ x,f
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Following development

ÅCombined with parallel image technique

ïUnfold-SMASH, Unfold-{9b{9Χ

ïK-t SENSE, K-ǘ Dw!tt! ΣΧ

ÅVariation of sampling pattern in k-t space

ïK-t sparse

ïK-t FOCUSS

62



UNFOLD-SMASH

Å4-fold undersampling

ï :skipped position

ï :sampled position

ï :generated by SMASH
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Linear algebraic solution

ÅSolve a,b,c,d
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UNFOLD and UNFOLD-SMASH
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K-t SENSE

ÅThe reconstruction process is similar to 

k-t BLAST

ÅThe sensitivity of coils : S
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Experiment
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Combined with parallel image technique

ÅExploiting the parallel image technique to 
increase encoding line in k-t space for higher 
acceleration

ÅAbout the parallel image technique:
ïParallel imaging with phase array coil
ÅHsu-Hsia Peng, AMRI(2003)

ïSMASH, SENSE, PILS, GRAPPA: How to Choose the 
Optimal Method.
ÅMartin Blaimer et al. MRM. 15:223ς236. (2004)
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Variation of sampling pattern in k-t space

ÅDifferent sampling pattern determine different 
PSF

ÅLattice grid theory
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Random sampling pattern

ÅDifferent sampling pattern determine different 
PSF

REF.: Compressed Sensing MRI, M Justig70



K-t sparse

ÅCompressed sensing

ïSparse/compressible signal

ïIncoherent aliasing interference in the transform 
domain due to undersampling 

ïRecover by solving a special non-linear convex 
optimization problem 
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K-t sparse

ÅSpatial transform

ïWavelet

ÅTemporal transform

ïFourier

ÅReconstruction

ïUse non-linear conjugate 

gradient

ÅNo training data required

wavelet

truth

K- t sparse
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K-t FOCUSS

ÅFOCUSS is an algorithm designed to obtain the 
sparse solutions to the underdetermined 
linear inverse problem

ÅSolution like k-t BLAST, not compressed 
sensing
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K-t FOCUSS

ÅAlgorithm

ï2D RIGR for 0́ ; traning state for W0
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Parallel k-t FOCCUS

a) 1 coil, 8X acceleration

b) 5 coils, 8X acceleration

c) 1 coil, 16X acceleration

d) 5 coils, 16X acceleration

Difference image
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