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Abstract

This dissertation presents image reconstruction algorithms for Magnetic Resonance Imaging
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methods is the utilization of prior knowledge on the reconstructed signal. This prior often
presents itself in the form of sparsity with respect to either a prespecified or learned signal

transformation.
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List of Figures

Fig. 2.1. Joint image reconstruction begins with modifying the undersamysieaicke date
to obtain undersamplddspace representations of vertical and horizontal image grad
After finding the hyperparameters via Maximum Likelihood (ML) estimation, the m
of the posterior distributions are assigned to be the gradient estimates. Finally, ima
integratedrom gradient estimates via solving a Least Squares (LS) problem.

Fig 2.2 Reconstruction results with the extended Shegan phantoms afte
undersampling with acceleratiét= 14.8, at 128x128 resolution. (a) Phantoms at Nyc
rate sampling. (b) Undersampling patterng-gpace corresponding to each image. (c)
reconstructions with Lustigtal 6 s al gori t hm vy i e knebasquate
error). (d) Absolute erroplots for Lustigetal. 6 s met hod. (e) R
with the M-FOCUSS joint reconstruction algorithm have 8.8 % RMSE. (f) Absc
difference between the Nyquist sampled phantoms and H#WO®IUSS reconstructio
results. (g) Joint Bayesian CS oestruction resulted in 0 % RMSE. (h) Absolute er

plots for the Bayesian CS reconstructions.

Fig. 2.3. Reconstruction results with SRI24 atlas after undersampling along the
encoding direction witlR = 4, at 256x256 resolution. (a) Atlas imageédNgquist rate
sampling. (b) Undersampling patterns kwspace corresponding to each image.
Applying the gradient descent algorithm proposed by Lustigal resulted in
reconstructions with 9.4 % RMSE. (d) Absolute difference between the gradieahtd
reconstructions and the Nyquist rate images. ((§QLUSS reconstructions have 3.2
RMSE. (f) Absolute error plots for the FJOCUSS algorithm. (g) Joint Bayesii
reconstruction yielded images with 2.3 % RMSE. (h) Error plots for the joint Bay
reconstructions.

Fig. 2.4. Reconstruction results with TSE after undersampling along the phase er
direction withR = 2.5, at 256x256 resolution. (a) TSE scans at Nyquist rate samplin
Undersampling patterns used in this experiment. (c) Reconstructions obtained with
etal 6s gradient descent algorithm have
gradent descent reconstructions. (e)}fADCUSS joint reconstruction yielded images w
5.1 % RMSE. (f) Error plots for the MMOCUSS results. (g) Images obtained with
joint Bayesian CS reconstruction returned 3.6 % RMSE. (h) Error plots for the Ba
CSreconstructions.

Fig. 2.5. To investigate the impact of spatial misalignments on joint reconstructior
Bayesian CS and MOCUSS, one of the TSE images was shifted relative to the oth
0 to 2 pixels with step sizes of % pixels using power law phdse encodin
undersampling patterns. For speed, low resolution images with size 128x128 wer
For joint Bayesian CS, reconstruction error increased from 2.1 % to 2.8 % at 2 pi:
vertical shift for power law sampling, and from 5.2 % to 6.4 92 ptxels of horizontal
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shift for phase encoding sampling; for theA®CUSS method error increased from 4.7
to 4.9 % for power law sampling, and from 6.2 % to 6.6 % for phase encoding samp

Fig. 2.6. Reconstruction results with the complalued $iepplLogan phantoms afte
undersampling with acceleratioR = 3.5, at 128x128 resolution. (a) Magnitudes
phantoms at Nyquist rate sampling. (b) Symmetric undersampling pattekaspace
corresponding to each image. (¢) Real and imaginary parts fifsihehantom (on the lef
in (a)). (d) Real and imaginary parts of the second phantom (on the right in (a)).
reconstructions with Lustigtal 6 s al gori thm yi el ded 1
plots for Lustigetal. 6 s met hod. (s gphtaindrl avithahe MROCUSS joint
reconstruction algorithm have 5.4 % RMSE. (h) Absolute difference between the N
sampled phantoms and the-RDCUSS reconstruction results. (i) Joint Bayesian
reconstruction resulted in 2.4 % RMSE. (h) Absolutereplots for the Bayesian C
reconstructions.

Fig. 2.7. Reconstruction results for completued TSE images after undersampli
along the phase encoding direction wWRfF 2, at 128x128 resolution. (a) Magnitudes
the TSE scans at Nyquist rate samplitb) Symmetric undersampling patterns use
this experiment. (c) Real and imaginary parts of the early echo image (on the left

(d) Real and imaginary parts of the late echo image (on the right in (a)
Reconstructions obtained with Lustef al 6 s gr adi ent desce

RMSE. (d) Plots of absolute error for the gradient descent reconstructions.-(
FOCUSS joint reconstruction yielded images with 9.7 % RMSE. (f) Error plots for t-
FOCUSS results. (g) Images obtained wtith joint Bayesian CS reconstruction returr

6.1 % RMSE. (h) Error plots for the Bayesian CS reconstructions.

Fig. 2.8. (a) Image gradients for the multintrast TSE scans demonstrate the simile
under the gradient transform. (b) To quantify thigikirity, we computed the cumulativ
energy of the image gradient of early TSE s¢E®H1 in TSE1 orderThen we sorted th
late TSE scan (TSE2) in descending order, and computed the cumulative energy i
corresponding to the sorted indices in TSE4ciwlgave the curv@SEL in TSE2 ordel
The similarity of the curves indicates similar sparsity supports across images.

Fig. 2.9. (a) Lustig et al.o6s algorit
CS with prior returned 5.8% error (d) error for Bayesian CS (e)-sapled prior (f)
R=4 sampling pattern.

Fig.210.(@ala2) Lusti g et ded9.5%esror @b2yabgolute drror plgt
for Lustig et al. (cic2). Joint Bayesian CS with prior returned 4.3% errord@jLerror
plots for Bayesian CS (e) fulyampled PD weighted prior image ®=4 random
undersampling pattern in 1D.

Fig. 3.1.L-c ur v e ;-rdgudarizedaQSM results for a young subjeXtaxis: data

consistency ternﬂﬂ- F'DF GHZin regularized reconstruction for varying values of
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smoothing parametex Y-axis: regularization terﬂG G||1. Settirg &= 5-10° yielded an

underregularized susceptibility map with ringing artifacts (a), whereas usinglQ®
resulted an overegularized reconstruction (c). Fe= 2-10° the operating point with th
largest curvature on the-d¢urve was obtained (bT.his setting was used for the report
&-regularized results.

Fig. 3.2. L.c ur v e refguarizedaQSM results for a young subjextaxis: data

consistency ternﬂﬁ- F'DF GHzin regularized reconstruction for varying values of

smoothirg parameteb. Y-axis: regularization terﬂG G||2. Settingb = 3-10° yielded an

underregularized susceptibility map with ringing artifacts (a), whereas usimg-10?
resulted an overegularized reconstruction (c). Fbr= 1.5-1C%, the operating point witt
the largest curvature on thecurve was obtained (b). This setting was used for
r e p o p-regeldrized results.

Fig. 3. 3. Young (|l eft) and el gregulariged
QS M ( b)regulrized QEM (c). Greater iron concentration yields brighter Q
and FDRI images. Splenium reference ROIs are indicated with a white box on th
QSM slices.

Fig. 3.4. X-axis: Mean £ SD iron concentration (mg/100 g fresh weight) deterrr
postmortenin each ROI(1). Y-axis: Mean + SD&-regularized QSM in ppnileft) and
FDRI in S fTesla (right) indices in all 23 subjects (black squares); the gray c
indicate the mean of the young group, and the open circles indicate the mean of the
group.

Fig. 3.5. Cor r el atyregularizdnl QM ssults orf- tDeRrégs af
interest. Results indicate strong relationship between the two mefRbds 0.976,p =
0.0098). Left: all 23 subjects; middle: young group; right: elderly group.

Fig. 3.6. Mean = S.E.M. of average susceptibility in ppm computed by the twodae
(& egul ar i z e dreg@@iddd QIMp pttom)afor each ROI in the young
elderly groups.

Fig. 3.7 Reconstruction experiment for the piagse constant numerical phantom witr
compartments. (a) Noisy field map from which the susceptibdiestimated. (b) Closec
form QSM solution. (c) Difference between ground truth and closend reconstructions.

Fig. 3.8 In vivo reconstruction at 1.5T. (a) Tissue field map obtained after removir
background phase. (b) Clostim QSM solution.(c) Difference between iterative ar
closedform solutions.

Fig. 4.1. The kcurve traced by the data consistency and Hgaidis penalty terms as tt
regularization parametérvaries. Summation over lipid frequencies for ungyularized
(a), optimally regularized (b) and ovexgularized reconstructions (c) are presented. F
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(d) depicts the analytically computeecurve curvature results for the sample points.

Fig.4. 2.Comparing the different artifact reduction algorithms by taking projections
the lipid resonance frequencies (in dB scale). Gold standard reconstruction is ol
using 20 averages of highesolution data without peripherkispace undersamplin@0
aVGigh, Rnigh = 1, shown in (a)), while the basic proposed method is obtained us
averages of highesolution data without undersampling (2 @gRnigh = 1, shown in (b))
and the refined proposed method usedold undersampled, 2 average higi®olution

data (2 avggn Rnigh = 10, shown in (c)). Lipid suppression results obtained by using
lipid-basis penalty method and only dd@nsity approach are depicted in panels (d)
(e), respectively. Applying no lipid suppression (f) results iressy corrupted spectra.

Fig. 4.3. Comparison between NRMSE values of NAA maps relative to the gold st¢
reconstruction.

Fig. 4.4. Comparison between NRMSE values of NAA maps computed within the
cn? excitation box relative to the NAA maps abted with the OVS method. In (a
reconstruction results obtained using the elihdard Z0 avgign, Rugh = 1) method
(blue) and the OVS spectra (black) belonging to the region inside the red box a
overplotted. In (b), the basic proposed metfidde) and the OVS spectra are compal
The spectra obtained with the refined method (blue) and the OVS results (blac
overplotted in (c). Lipiebasis penalty and OVS spectra are compared in (d).

Fig. 4.5. Comparison of spectra inside the regiomirest marked with the red box th
were obtained with different lipid suppression methods. In (a), reconstruction r
obtained using lipicbasis penalty method (blue) and the gslandard reconstructio
(black) are overplotted. In (b), the basimposed method (blue) and the gstdndard
spectra are presented. The spectra obtained with the refined method (blue) and-tl
standard results (black) are plotted in (c).

Fig. 4.6. Comparison of spectra inside the region of interest marked witbdHtmmx that
were obtained with different lipid suppression methods. Panel (a) overplots reconst
results using lipiebasis penalty method (blue) and the gsti@ndard reconstructio
(black). In (b), the basic proposed method (blue) and the-sjaidard spectra ar
compared. The spectra obtained with the refined method (blue) and thstaguddrd
results (black) are depicted in (c).

Fig. 4.7. Lipid and NAA maps and artifatee spectra for the Cartesian synthe
phantom are shown in (a). In (b¥piral sampling trajectory at Nyquist rate a
reconstruction results upon the application of Hpasis penalty are depicted. Using 1
undersampled spiral trajectory in (c), a higlsolution lipid image was estimated usi
FOCUSS, from which a comhbed image was computed due to the dietsity method
Finally, lipid-basis penalty was applied to this combined image. Panel (d) shows
suppression results when tkespace is sampled only at half of the full resolution |
lipid-basis penalty is appld. For the three reconstruction methods, the example sg
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(plotted in blue) belong to the region of interest marked with the red box, an
overplotted with the artifadtee spectra (in black) for comparison.

Fig. 4.8. Demonstration of approximate orthogonality between metabolite spectra ol
from in vivo OVS scan and lipid spectra from high resolutinrvivo acquisition. In (a),
the lipid and metabolite spectra with the highest orthogonality are platted), the
components of the metabolite spectrum that are orthogonal and parallel to th
spectrum for the best case in (a) are overplotted. The actual metabolite spectrum (
is totally occluded by the orthogonal component (in orange). Intke), lipid and
metabolite spectra that are least orthogonal are depicted. In (d), the orthogonal and
components of the metabolite spectrum are overplotted for the worst case in (c). P
depicts the methodology used in computing the orthdgand parallel metabolite
components.

Fig. 5.1. RMSE at each voxel in slice 40 of subject A upor 3 acceleration an
reconstruction with K<M&EOQUSS (b)e DictioaddrFOEWYSS
trained on subjects A (c), B (d), and C (e). DictigrROCUSS errors in (f), (g) and (¢
are obtained at higher acceleration factoRef 5 with training on subjects A, B and ¢
respectively. Results for the reconstructionR at9 are given in (i), (j) and (k).

Fig. 5.2. RMSE at each voxel in slice b subject B uporR = 3 acceleration ani
reconstruction with K<M&EOQUSS (b)e DictioaddrFOEWYSS
trained on subjects A (c), B (d), and C (e). DictiorR@CUSS errors in (f), (g) and (¢
are obtained at higher acceleration fa@bR = 5 with training on subjects A, B and ¢
respectively. Results for the reconstructionR at9 are given in (i), (j) and (k).

Fig. 5.3. Mean and standard deviation of RMSEs computed on various slices of su
using/b- and DictionaryFOCUSS tained on subject B. Lower panel depicts RMSE m
for four selected slices.

Fig. 5.4. Mean and standard deviation of RMSEs computed on various slices of su
using/b- and DictionaryFOCUSS trained on subject A. Lower panel depicts RMSE r
for four selected slices.

Fig. 5. 5. Top panel gspame diectidRdviltaEase estimated v
Wavelet+TV,Jb-FOCUSS and DictionarifOCUSS with training on subjects A, B and
at R=3. g-space images at directions [5,0,0] (a) and [0,4,0] (c) are depicted for comp
of the reconstruction methods. In panels (b) and (d), reconstruction errors of Wavel
Jb-FOCUSS and dictionary reconstructions relative to the 10 averageséufipledmage
at directions [5,0,0] and [0,4,0] are given.

Fig. 5.6. Panel on top depicts RMSEs of Wavelet+T¥;FOCUSS and Dictionary
FOCUSS atR = 3 and fullysampled 1 average data computed ig-$pace location:
relative to the 10 average data fembject A. Panel on the bottom shows the s:
comparison for the slice belonging to subject B.
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Fig. 5.7. Axial view of whitematter pathways labeled from streamline DSI tractogre
in fully-sampled data (a) and DictionaFCUSS reconstruction & = 3 (b). The
following are visible in this view: corpus callosumforceps minor (FMIN), corpu:
callosum - forceps major (FMAJ), anterior thalamic radiations (ATR), cingulur
cingulate gyrus bundle (CCG), superior longitudinal fasciculparietal bundle (SEP),
and the superior endings of the corticospinal tract (CST). Average FA (c) and volt
number of voxels (d) for each of the 18 labeled pathways, as obtained from the
sampled R=1, green) and DictionaflyOCUSS reconstructed withf8ld undersamling

(R=3, yellow) datasets belonging to subject A. lstteanispheric pathways are indicat
by -AL( I efot )(roirghitR . The pat hforeepssmajar (FMAJ),
corpus callosum forceps minor (FMIN), anterior thalamic radiation (AfRingulum-

angular (infracallosal) bundle (CAB), cinguluntingulate gyrus (supracallosal) bunc
(CCG), corticospinal tract (CST), inferior longitudinal fasciculus (ILF), supe
longitudinal fasciculus- parietal bundle (SLFP), superior longitudinglsciculus -

temporal bundle (SLFT), uncinate fasciculus (UNC).
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Chapter 1

Introduction

1.1 Motivation

Magnetic Resonance Imaging (MR a noninvasive imaging modalitythat is capable of
yielding highresolution and higitontrastimages of soft tissiseof the bodyUnlike Computed
Tomography (CT) or Xay imaging, MRI doesiot employ ionizing radiatiant also does not
require the introduction of a radioactive agastemployed in Positron Emission Tomography
(PET). Therefore, MRI is considetd¢o be a safe imaging modality that finds important clinical
use. However, a majo drawback of MRI is that it is inherently a slow imaging modality,
requiring the subjects to remain motionless within a tight, closed enviroriypecally for half

an hour or longer, depending on the imaging protothls constraint on the imaging time
reduces subject compliance and raises challenges especiallydtripeshd patient populations.

With the introduction of parallel imaging and compressed sen$l&) methods and ultra
high-field systems over the last decadebstantial progress hagen made towardsproved the
image quality and reduced acquisition tirRarallel imaging relies on the information provided
by multiple receive coils that arsensitive to differentparts of the region of interest for
accelerated imaging. Aliasing cauakby subsampled acquisitiongdisentangld with the help of
multiple coil datato yield high quality imagesParallel imaging has made the transition from
being atechniqueto becoming aechnologyas 2 to 3fold accelerated acquisitions in the clidica
setting areubiquitous Parallel imagingnethodscan operate either in the image spée or in
the Fourier spacgk-space)f the object where the data are colledt®d Compressed sensing, on
the other hands a less mature technique in the field of medical imadd®).is a collection of
algoiithms that aim to recover signals from subsampled measurements by applying a-sparsity
inducing prior over the signal coefficient&ven thoughthe ideaof using sparsitypromoting
optimization technique# signal processing and statistissnot new (e.g. (4,5)), it was not
deployed in MR image reconstruction umticently(6). Because of the nelmear nature of th
processing involved, CS reconstruction artifactsrextefully characterized. As such, the clinical

translation of CS has not reached shene level as parallel imaging methods.

More recent developments aimnmergeparallel imaging and CS techniques to allow further

reduction in imaging timeln this domain, L1 SPIRT (7) is a popular algorithm thatombines
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the k-spacedata from multiple coilsvhile enforcing sparsity of coil images with respect to the
wavelet transformSimilarly, it is possible to combine imagikmain parallel imaging with

sparsity priors for improved reconstructi¢).

In the light of theseecent developments, this thesis presents image reconstruction algorithms

that aim to further increase the imaging efficiency of MRiese algorithmachieve

i.  Reduction of the total scan time without sacrificing the inggaity, and
ii.  Mitigation image artifacts due to physiology or MR physics to improve the image quality.

Reduction of imaging time is a wathotivated research goal, leading to increased patient
comfort and reduced cosiEhis goalis investigatedor the followingMR imagingtechniqus,

i.  Structural imaging with multiple contrast preparations: By exploiting image statistics
and similarity between images obtained with different contrasts, improved image
reconstruction from undersampled dataemonstrated

ii. Diffusion Spectrum Imaging (DSI): Diffusion Weighted Imaging (DWI) aims to explore
the brain connectivity by mapping the water diffusion as a function of space. DSI is a
particular DWI method that is able to generate a complete description of diffusion
probability density functions (pdfs), but suffers from significantly long imaging times.
This dissertatiomlemonstratethat by learning the structure of pdfs from training data, it

is possible to substantially reduce the scan time with small cost onabe omality.

Mitigation of image artifacts is yet a different way to achieve increased efficiency, as it
increases the amount of meaningful data for further processing and diagessikson artifact

mitigationare demonstratedithin two contexts,

i. Regularized Quantitative Susceptibility Mapping (QSM): The magnetic property of
the tissues called magnetic susceptibility gives rise to the observed signal phase in
MRI, which is estimatel using an iterative background removal method and
regularized invesion. Regularization helps reduce the streaking artifacts in the
reconstructed susceptibility map, which stem from thgpdied nature of the
relation connecting the phase to the magnetic susceptibility.

ii.  Lipid artifact reduction in Chemical Shift Imagiig@Sl): A major obstacle in CSl is
the contamination of brain spectra by the strong lipid siggrasnd the skullLipid
artifactsare substantially reducdn/ employingan iterative reconstruction method

that makes use of rapidly sampled high frequency content of lipid signals

20



1.2 Outline and bibliographical notes

In the following, the organization of the thesis is presented withf lo@scriptions and

bibliographicalcontributions of each section.

Chapter 2: is concerned withreconstruction of structural MR images from undersampled
observations Versatility of MRI allows images with multiple contrasts preparations to be
acquiredwherein each contrast emphasizes @etiasue typesCollection of such multcontrast
data facilitates diagnosis and finds frequent clinical usthis setting, it is assumed that data are
acquiredwith a single receive coil, hengmrallel imaging is outside the scope of this chapter.
One optiorfor recovey of undersampled multontrast images is to employ compressed sensing
on each contrast independently. These images belong to the same underlying physiology, so they
are expected to share common tissue bound&gEsising on this pot, this chapter presents a
joint reconstruction method capableiofproving compressed sensing reconstruction quality by
exploiting the shared informatiocontentacross contrasts his method is based on Bayesian
compressed sensing, which interpretsrapainducing reconstructiorwithin a probabilistic
framework An extension to joint reconstruction is also presensaate the imaging sequences
involved in the multicontrastprotocol may have different acquisition speedsiight be possible
to obtah a fully-sampleddatasetising a fast sequence in addition to the undersampled contrasts.
By using the fullysampled image tinitialize the reconstructionfurther improvement in joint

reconstruction quality is demonstrated.
The proposed methods take place in,

1 B. Bilgic, V.K. Goyal, E. AdalsteinssoMulti-contrast Reconstruction with Bayesian
Compressed Sensinglagnetic Resonance in Medicine, 2011; 66(6):16615.

1 B. Bilgic, V.K. Goyal, E. Adalsteinssodoint BayesiarCompressed Sensing for Multi
contrast Reconstructigrinternational Society for Magnetic Resonance in Medicine 19th
Scientific Meeting, Montreal, Canada, 2011, p. 71.

1 B. Bilgic, E. AdalsteinssonJoint Bayesian Compressed Sensing with Prior Estimate
International Society for Magnetic Resonance in Medicine 20th Scientific Meeting,
Melbourne, Australia, 2012, p. 75.

Chapter 3: focuses on Quantitative Susceptibility Mapping (QSMiich is an MRI based

imaging technique that provides valuable quantitation of tissue iron concentration and vessel

oxygenation. However, susceptibility cannot be observed directly with MRI. Reconstruction of
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underlying susceptibility maps from measured Mgnd phaseis a challenging problem that
requires deconvolution of an-flosed kernelHence, this problem benefits from regularization
that reflects prior knowledge on the tissue susceptib#lisysusceptibility is a feature tied to the
paramagnetic proptes of the underlying tissuet,is expected to vary smoothly within tissue
compartments.Using regularization based on spatial gratieof the susceptibility maps
facilitates the deconvolutiomn a group study where the brain iron concentration imabaging

was investigatedhis chapter showthat accurate quantification is possiktih this regularized
deconvolutionapproach Further, an algorithm that solves the regularized inversion problem in
less than 5 seconds proposedwhich is a signiftant speed up relative to proposed iterative
methods that catakeup to an hour.

The conterg of this chapteareincludedin,

1 B. Bilgic, A. Pfefferbaum, T. Rohlfing, E.V. Sullivan, E. AdalsteinssbiR| Estimates
of Brain Iron Concentration in Normalging Using Quantitative Susceptibility Mapping
Neurolmage, 2012; 59(3):262%35.

1 B. Bilgic, A.P. Fan, E. AdalsteinssoQuantitative Susceptibility Map Reconstruction
with Magnitude Prior International Society for Magnetic Resonance in Medicine 19th
Scientific Meeting, Montreal, Canada, 2011, p. 746.

1 B. Bilgic, I. Chatnuntawech, A.P. Fan, E. Adalsteinsfegularized QSM in Seconds
submitted to International Society for Magnetic Resonance in Medicine 21st Scientific
Meeting, Salt Lake City, Utah, U§ 2013.

1 B. Bilgic, I. Chatnuntawech, K. Setsompop, S.F. Cauley, L.L. Wald, E. Adalsteinsson;
Fast Regularized Reconstruction Tools for QSM and, IBWRM Workshop on Data
Sampling & Image ReconstructioBedom, Arizona, USA, 2013, accepted

Chapter 4: proposs two lipid artifact suppression methods for C8Vhile MRI enables
spatial encoding of the human tissue$Sl also provides encoding in magnetic resonance
frequency. At each voxel, this yields adilnensional spectrum of relative concentrations of
biochemical mwbolites, each with a slightly different resonant frequency. The ability to map
biochemical metabolism proves to be critical in cancer, Alzheimer's disease and multiple
sclerosis. The dominant challengeG#l is in the low signal of the metabolites oferest. Since
signatto-noise ratio (SNR) is proportional to the voxel size due to averaging effect, large voxels
are required to lower the noise threshold, thereby constraining the voxel sizes in spectroscopy to

be much larger than those of MRI (1 teonrpared to 1 mr). The resolution constraint poses a

22



significant difficulty to metabolite detection as it leads to signal contamination from the
subcutaneous lipid layemhis chaptempropose two postprocessing methathat exploit prior
knowledge about fid and metabolite signals to yield artifdite metabolite spectrahese
algorithns rely on two observations: lipid signals are constrained to reside around the skull, and
metabolite and lipid spectra are approximately orthogdkethe lipids are comsained to reside

on a ring in space and within a certain range in resonémcpiency they can be well
approximated from undersampled data using spaesityrcing reconstructionThis permits
estimation of higkresolution lipid signals, effectively redimg the ringing artifactsCombined

with iterative reconstruction that enforces orthogonality among metabolites in the bratmeand
lipid spectra, artifactree metabolite maps atieusobtained.

The contributions in this chapter can also be found in,

1 B. Bilgic, B. Gagoski, E. Adalsteinssohipid Suppression in CSI with Spatial Priors
and HighlyUndersampled Peripheral-gpace Magnetic Resonance in Medicine, 2012;
DOI: 10.1002/mrm.24399.

1 B. Bilgic, B. Gagoski E. AdalsteinssorLipid Suppression in CSl ith Highly-
Undersampled Peripheral$pace and Spatial Priordnternational Society for Magnetic
Resonance in Medicine 20th Scientific Meeting, Melbourne, Australia, 2012, p. 4455.

Chapter 5: Diffusion Weighted Imaging (DWI) is a widely used method todgt white
matter connectivity of the brain. Diffusion Tensor Imaging (DTI) is an established DWI method
that models the water diffusion in each voxel as a univariate Gaussian distribution. Fiber
tractography algorithms are employed to follow the majorreigetor of the tensor fit across
neighboring voxels. However, the diffusion tensor model is unable to characterize multiple fiber
orientations within the same voxel, which constitute over 90% of white matter v&atiser
than modeling the diffusion, Difsion Spectrum Imaging (DSI) offers a complete description of
the diffusion probability density function (pdf). This provides DSI with the capability to resolve
complex distributions of fiber orientations, thus overcoming the simgdmtation limitationof
DTI. The tradeoff is thatwhile a typical DTl scan takes ~5 minutes, DSI suffers from
prohibitively long imaging times of ~50 minutes. By relying on prior information extracted from
a training datasethis chaptedemonstratedramaticreduction in D$scan timewhile retaining
the image qualityThis high quality reconstruction is made possible by the priors encoded in a

dictionary (created from a separately acquired training DSI dataset) that captures the structure of
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diffusion pdfs.Further,two efficient dictionarybased reconstruction methothat attain 1000

fold computation speedp relative tdterative DSI compressed sensing algoritlarepresented.
The methods introduced in this chaptan also be found jn

1 B. Bilgic, K. Setsompop, J. Cohé&kdad, A. Yendiki, L.L. Wald, E. Adalsteinsson;

Accelerated Diffusion Spectrum Imaging with Compressed Sensing using Adaptive

Dictionaries Magnetic Resonance in Medicine, 2012; 68(6):174%4.
1 B. Bilgic, I. Chatnuntawech, K. Setspop, S.F. Cauley, L.L. Wald, E. Adalsteinsson;
Fast Diffusion Spectrum Imaging Reconstruction with Trained Dictionasidsmitted to
IEEE Transactions on Medical Imaging.
1 B. Bilgic, K. Setsompop, J. Cohé&dad, V. Wedeen, L. Wald, E. Adalsteinsson;

Accekrated Diffusion Spectrum Imaging with Compressed Sensing using Adaptive

Dictionaries 15th International Conference on Medical Image Computing and Computer

Assisted Intervention, 2012; LNCS 751281
1 B. Bilgic, I. Chatnuntawech, K. Setsompop, S.F. Caulel. Wald, E. Adalsteinsson;

Fast DSI Reconstruction with Trained Dictionatiesibmittedto International Society

for Magnetic Resonance in Medicine 21st Scientific Meeting, Salt Lake City, Utah, USA,

2013.

1 B. Bilgic, I. Chatnuntawech, K. SetsompopFSCauley, L.L. Wald, E. Adalsteinsson;
Fast Regularized Reconstruction Tools for QSM and, IBVWRM Workshop on Data
Sampling & Image ReconstructioBedom, Arizona, USA, 2013, accepted

Chapter 6: propo®s potential extensions to the methodsroduced throughout the
dissertation.Higher acceleration factors may be achieved by extendingmthki-contrast
reconstruction idea to include parallel imagiMulti-modality imaging (e.g. MARPET) may also
benefit from joint reconstructiorfEmploying magnitudenformation in QSMdeconvolutionmay

improve the conditioning of theéversion Quantitative susceptibility venography with vessel

tracking may bdeasiblewith the help of tracking algorithms in fiber tractography literature. In

the context of spectroscapiimaging, parametric signal models may provide further

regularizationin lipid artifact suppressiorfinally, through the combination of parallel imaging

and dictionarybased reconstruction, even higher acceleration factors in DSI acquisitions may

becomeachievable
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Chapter 2

Joint Reconstruction of Multi-Contrast Images

Clinical imaging with structural MRI routinely relies on multiple acquisitions of the same region

of interest under several different contrast preparations. diapterpresents a reconstruction
algorithm based on Bayesian compressed sensing to jointly reconstruct a set of images from
undersampledk-space data with higher fidelity than when the images are reconstructed either
individually or jointly by a previously proged algorithm, MFOCUSS. The joint inference
problem is formulated in a hierarchical Bayesian setting, wherein solving each of the inverse
problems corresponds to finding the parameters (here, image gradient coefficients) associated
with each of the imaged3he variance of image gradients across contrasts for a single volumetric
spatial position is a single hyperparameter. All of the images from the same anatomical region,
but with different contrast properties, contribute to the estimation of the hypmetara, and

once they are found, thespace data belonging to each imageused independently to infer the
image gradients. Thus, commonality of image spatial structure across contrasts is exploited
without the problematic assumption of correlation asr@ontrasts. Examples demonstrate
improved reconstruction quality (up to a factor of 4 in no@ansquare error) compared to
previous compressed sensing algorithms and show the benefit of joint inversion under a

hierarchical Bayesian model.

2.1 Introduc tion

In clinical applications of structural MR, it is routine to image the same region of interest under
multiple contrast settings to enhance the diagnostic power of T1, T2, and-geatsity weighted
imagesHerein a Bayesian framework that makes o&éhe similarities between the images with
different contrastssi presented tqointly reconstruct MRI images from undersampled data
obtained ink-space.This method applies the joint Bayesian compressive sensing (CS) technique
of Jiet al.(9) to the multicontrast MRI setting with modifications for computational &rspace
acquisition efficiency. Compared to convemil CS algorithms that work on each of the images
independently (e.g(6)), this joint inversion technique is seen to improve the reconstruction
quality at a fixed undersampling ratio and to produce similar reconstruction results at higher

undersampling ratios (i.e., with less data).
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Conventional CS proaes images using sparse approximation with respect to an appropriate
basis; with gradient sparsity or wavetlktmain sparsity, the positions of nonzero coefficients
correspond directly to spatial locations in the image. A natural extension to explcitirstiu
similarities in multicontrast MRI is to produce an image for each contrast setting while keeping
the transforrdomain sparsity pattern for each image the same. This is dalled or
simultaneoussparse approximation. One of the earliest apptinat of simultaneous sparse
approximation was in localization and used an algorithm based on convex relgg8jioAn
early greedy algorithm was provided by Trogtpal. (11). Most methods for simultaneous sparse
approximation extend existing algorithms such as Orthogonal Matching Pursdft)(&OCal
Underdetermined System Solver (FOCU$S) or Basis Pursuit (BR)L2) with a variety of ways
for fusing multiple measurements to recover the nonzero transform coefficients. Popular joint
reconstruction approaches include Simultaneous OMP (SQMP)M-FOCUSS(13), and the
convex relaxation algorithm ifiL4). All of these algorithms provide significant improvement in
approximation quality, however they suffer from two important shortcomingsh#orcurrent
problem statementirst, they assume that the signals share a common sparsity support, which
does not apply to the multontrast MRI scans. Even though these images have nonzero
coefficients in similar locations in the transform domain, assuming perfect overlap in itsigyspa
support is too restrictive. Second, with the exceptior(1&j, most methods formulate their
solutions under the assutign that all of the measurements are made via the same observation
matrix, which inthis context would correspond to sampling the s&mspace points for all of the
multi-contrast scans. As demonstchtieere observing different frequency sets for eaclage

increasesheoverallk-space coverage and improves reconstruction quality.

The general joint Bayesian CS algorithm recently presented by Ji &) addresses these
shortcomings and fits perfectly to the midéntrast MRI contexiGiven the observation matrices
0,1 C"Mwith K, representing the number kfspace points sampled for tiftimage andv
being the number of voxels, the linear relationship betweek-fpace data and the unknown
images can be expressed ys=U ;X; wherei =1,....L indexes the. multi-contrast scans and
y, is the vector ofk-space samples belonging to ti"ﬂeimagexi . Let 0 and U’ denotethe

vertical and the haorizontal image gradiemthich are approximately sparse since the MRI images

are approximately piecewise constant in the spatial domain. In the Bayesian gedtiagk is to
provide a posterior beliebf the values of the gradients’ and U’ , with the prior assumption

that these gradients should be sparse and the reconstructed images should be consistent with the

acquireck-space data. Each image formation problem (for a single contrast) constitutes an inverse
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problem of the forny, - X;, and the joint Bayesian algorithm aims to share information among

these tasks by placing a common hierarchpcalr over the problems. Such hierarchical Bayesian
models can capture the dependencies between the signals without imposing correlation, for
example by positing correlation of variances between-mexan quantities that are conditionally
independent give the hyperparameters. Data from all signals contribute to learning the common
prior (i.e., estimating the hyperparameters) in a maximum likelihood framework, thus making
information sharing among the images possible. Given the hierarchical prior, theluadi
gradient coefficients are estimated independently. Hence, the solution of each inverse problem is
affected by both its own measured data and by data from the other tasks via the common prior.
The dependency through the estimated hyperparameterssentially a spatiallyarying
regularization, so it preserves the integrity of each individual reconstruction problem.

Apart from making use of the joint Bayesian CS machinery to improve the image
reconstruction quality, the proposed method preseet®ral novelties.First, the Bayesian
algorithmis reducedo practice on MRI data sampledkrspace with both simulated amdvivo
acquisitions. In the elegant work by &t al (9), their method was demonstrated on CS

measurements made directly in the sparse transform domain as oppose#-$pabe domain

that is the natural source of raw MRI data. The observatignaere obtained viay, =0 ;d

where d; are the wavelet coefficients belonging to th¢est image. But in all practical settings of

MRI data acquisition, the observations are carried out inkthpace corresponding to the
reconstructed images themselves, i.e.kispace data belonging to the wavelet transform of the
imageis not accessibl In themethod as presented here, measurements of the image gracdkents
obtainedby a simple modification of thi&-space data and thisis possible toovercome this
problem. After solving for the gradient coefficisnwith the Bayesian algorithrimages that are
consistent with these gradierdase recoveredh a leastsquares setting. Secondthe presented
version accelerates the computationaiymanding joint reconstruction algorithm by making use
of the Fast Fourier Transform (FFT) to replace sarfithe demanding matrix operations in the
original implementation by Jet al This makes it possible to use the algorithm with higher
resolution data than with the original implementation, which has large memory requirements.
Also, partiallyoverlappingundersampling patternare exploitedto increasethe collective k-
space coverage when all images are considéraein it isrepored that this flexibility in the
sampling pattern design improves the joint CS inversion qudiigitionally, the algoritm is
generalizedo allow inputs that correspond to compledued imagesFinally, these finding are

compard with the popular method i(6) and with the MFOCUSS joint reconstruction scheme.
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In addition to yielding smaller reconstruction errors relative to either method, the proposed

Bayesian algorithm contains no parameters that need tuning.

2.2 Theory
2.21 Compressed Sensing in MRI

Compressed sensing has received abundant recent atiarttienMRI community because of its
demonstrated ability to speed up data acquisition. Making use of CS theory to this end was first

proposed by Lustigt al. (6), who formulated the inversion problem as
¥=argmin ||YTX||1  TIK) sty Fx|, (2.1)

where (q is the wavelet basisTV(.) i s t noren ofdiscrete gradients as a proxy for total
variation, b trades off wavelet sparsity and gradient spardiy, is the undersampled Fourier

transform operator containing only the frequenaigs W, and € is a threshold parameter that
needs to be tuned for each reconstruction fBisis. constrained inverse problem can be posed as

an unconstrained optimization progré@

g=argmin |y -FoX[; Aee [YOX| ATV ED (2.2)

wherel ...t @Nd | 1, are wavelet and total variation regularization parameters that again call

for tuning.

2.2.2 Conventional Compressed Sensing from a Bayesian Standpoint

Before presening the mathematical formulation that is the basisth@ proposednethod, this

section biefly demonstrates that it is possible to recover the conventional CS formulation in Eq.
2.2 with a Bayesian treatment. For the moment, consider abstractly that a sparse bigh¥l

that is observed by compressive measurements via the raakrik “°™ , whereK <M is under
considerationThe general approach of Bayesian CS is to find the most likely signal coefficients
with the assumptions that the signal is approximately sparse and that the data are corrupted by
noise with a known distribution. The sparsity assumption is reflected by the prior defined on the

signal coefficients, whereas the noise model is expressed vi&eliedod term.
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As a means to justify Eq2.2), a commonlyused signal prior and noise distributiame

presented The dataare modeledas being corrupted by additive white Gaussian noise with

variances % via y=0x+n. In this case, the probability of observing the datagiven the

signal X is a Gaussian probability density function (pdf) with méar and variances 2,

) — .
p(y|x):(2p §) ex% —|y-a x||2§ (2.3)

which constitutes the likelihood term. To formalite belief that the signalX is sparse, a
sparsitypromoting prioris placedon it. A common prior is the separable Laplacian density
function (16)

vw_ooa M Q
p(x)=( 72" exgg 1 & 1% 13 (24)
¢ i T
I nvoking Bayesd theorem, the posterior for
likelihood and the prioas
X )plx (2.5)
o(x| y)= IO(yllo ))/IO()

The signal that maximizes this posterior probability via maximanposteriori (MAP)
estimationis soughtfor. Since thedenominator is independent %f the MAP estimate can be

found by minimizing the negative of the logarithm of the numerator:

Xyap = argminy - Ux||§ +252/|x], (26)

This expression is very similar to the unconstrained convex optimization formulation in Eq.
(2.2); it is possibleobtain Eq. 2.2) with a slightly more complicated prior that the wavelet
coefficients and gradient of the signal of interest follow Laplacian distributions. Therefore, it is
possible to view the convex relaxation CS algorithms as MAP esmath a Laplacian prior on
the signal coefficients. It is possible to view many algorithms used in CS as MAP estimators with

respect to some prigt.7).
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2.2.3 Extending Bayesian Compressed Sensing kulti -Contrast MRI

The Bayesian analysis in the previous section has two significant shortcomings. First, it is
assumed that the signal of interest is sparse with respect to the base coordinate system. To get the
maximum benefit from estimation with respect to a separadphalsprior, it is critical to change

to coordinates in which the marginal distributions of signal components are highly peaked at zero
(18). For MR image formation, we aim to take advantage of the highly peaked distributions of
imagedomain gradients, and show how to modifgpace data tobtain measurements of these
gradients. Second, the optimal MAP estimation through BEd) (requires knowledge of
parameterg ands. The proposednethod eliminates the tuning of such parameters by imposing

a hierarchical Bayesian model in which and s are modeled as realizations of random variables;
this introduces the need for fAhyperegpbelowir sd at
suffices to eliminate tuning of the hyperpriors using a principle of least informativeness. Along
with addressing these shortcomings, modifications for joint reconstruction across contrast

preparationsre also discussed

In the multicontrast setting, the signa{sg}iL:li RM represent MRI scans with different

image weightings, e.g. T1, T2 and proton density weighted intaggg have been obtainédr
the same region of interest. These are not sparse directly in the image domain. Therefore, it is

beneficial to cast the MRI iages into a sparse representation to make use of the Bayesian
formalism. The fact that the observation matriégg I C*"™ in MRI are undersampled Fourier

operators makes it very convenient to use spatial image gradientsp@ss#ying transform

(19,20). To obtain th&k-space data corresponding to vertical and horizontal image gradients, it is

sufficient to modify the data;, according to

Fo 0(w,u) =(1- €M)y (w,u) 1y (27

Fu 0¥ (w,u) = (- &My (wu) + Y (2.8)

where j=+-1; 0¥ and i’ are thei" image gradients;y* and y’ are the modified
observations; and# and ¢ index the frequency space of timeby m pixel images, with
nGn=M . To solve Eq.Z.2), Lustiget al. (6) proposes to use the conjugate gradient descent
algorithm, for which it is relatively straightforward to incorporate the TV norm. But algorithms
that do not explicitly try to minimize awbjectivefunction (e.g. OMP and Bayesian CS) will need
to modify thek-space data according to Eg8.7]) and 2.8) to m&e use of the Total Variation

penalty in the form of spatial derivatives.
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Secondly, we need to express the likelihood term in such a way that both real and imaginary

parts of the noisen | C* in k-space are taken into account. We rearrange the linear
H X — = X
observationsy;” =F, U +n; as

eRe(y)@_eRe(F, )a . éRe(n)g

= : 29
Sm (e gmFS " §m(n)d @9

for i=1...L, where Re(.) and Im(.) indicate real and imaginary parts with the
understanding that we also have an analogous set of linear equations for the horizontal gradients
Y . For simplicity, we adopt the notation

Y =0, G* + N, (2.10)

whereY*,N; I R?¢, andd ;I R*M correspond to the respective concatenated variables
in Eg. 2.9). With the assumption that both real and imaginary parts ds¢pace noise are white

Gaussian with some varianee’ , the data likelihood becomes

p(YiX |Uix152):(2p §)> “ ex% %”Yix - 0,0

29 (2.11)

With these modifications, it is now possible to compute the MAP estimates for the image
gradients by invoking Laplacian priors over them. Unfortunately, obtaining the MAP estimates
for each signal separately contradicts witk ultimate goal to perform jat reconstruction. In
addition, it is beneficial to have a full posterior distribution for the sparse coefficients rather than
point estimates, since having a measure of uncertainty in the estimated signals leads to an elegant
experimental design methods argued in(16), it is possible to determine an optimlaspace
sampling pattern that reduces the uncertainty in the signal estimates. But since the Laplacian prior
is not a conjugate distribution to the Gaussian likelihood, the resulting posterior will not be in the
same family as the prior, hence it will na possible to perform the inference in closed form to
get a full posterior. The work by &it al. (9) presents an elegant way of estimating the image
gradients within a hierarchical Bayesian model. This approach allows information sharing
between the muHtontrast scans, at the same yields a full posterior estimate for the sparse
coefficients. Inthe following section, the algorithm used for finding this distributien

summarized and th@mplete image reconstruction schemdepictedn Fig. 2.1.
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Fig. 2.1. Joint image reconstruction begins with modifying the undersampigrhde data to

obtain undersamplell-space representations of vertical and horizontal image gradients. After
finding the hyperparameters via Maximum Likelihood (ML) estimation, the mednthe
posterior distributions are assigned to be the gradient estimates. Finally, images are integrated
from gradient estimates via solving a Least Squares (LS) problem.

2.2.4 Bayesian Framework to Estimate the Image Gradient Coefficients

Hierarchical Bayesian representation provides the ability to capture both the idiosyncrasy of the
inversion tasks and the relations between them, while allowing closed form inference for the
image grdients. According to this model, the sparse coefficients are assumed to be drawn from a

product of zero mean normal distributions with variances determined by the hyperparameters
0={a,}

J ]:1

P(Uix | U)= CM) N (dﬁ,- |0,a; 1) (2.12)
j=1

where N (C'I)O,a'jl) is a zero mean Gaussian density function with variem'p]e In order to

promote sparsity in the gradient domain, Gamma priors are defined over the hyperpardmeters
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Ilab)=C)Gad [ab)= ()2
p(Ula, )—(jz)lGa(Uan, )_OG(a)

=1

U exy(- bU,) (2.13)

where (.) is the Gamma function, aralandb are hypeipriors that parametrize the Gamma

prior. To see why the combination of Gaussian and Gamma priors will promote a sparse
representation, consider marginalizing over the hyperparamédtersbtain themarginal priors

acting onthe signal coefficientf,16,21)

p(t";) = AP 19)p(Y; |a,b)dy, (2.14)

which turn out to yield improper priors of the fonp(ﬂifj )" 1| Gi’fj |in the particular case of
uniform hyperpriors a=b =0. Similar tothe analysis for the Laplacian prior, this formulation
woul d i nt rregdanizereof terforma '}"zllogl 0 | if a nonjoint MAP solutionwas
sought for Here,it shouldalso benoted that the hyperparametekdare shared across the multi
contrast images, eaca controlling the variance of all gradient coefficients{ﬁi’fj }iL:lthrough
Eg.(212). Inthiscasgg;060 s di verging to infin ij"tlogatidn ofll i e s
images are zero, due to the zemean, zerevariance Gaussian prior at this location. On the other
hand, a finiteaj does not constrain all pixels in thejIh location to be noizero, which allows

the reconstruction algorithm to capture the diversity of sparsity patterns across theomtudtst

scans.

In practice, the noise varianae® would also need to be estimatslit propagates via the data
likelihood term to the posterior distribution of gradient coefficients @%j. Even though it is
not difficult to obtain such an estimate in image donifitne full k-space datavere available
this would not be straightforward with undersampled measurements. Thereforeiniploet al
(9), the formulationis slightly modifiedso that the noise variancan beanalyticallyintegrated

out while computing the posterior. This is made possible by including the noise precision

a, =s 2 in the $gnal prior,

p(nix |G, Uo)z (M) N (di),(j |O’a}1‘5"61) (2.15)
j=1

A Gamma prior over the noise precision paramatgis defined as

dC
p(a, |c,d)=Gaa,|c,d) =

O ad'exp(- da,) (2.16)
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In all of the following experiments, the hypgiriors are set toc =d =0 to express that na
priori noise precision is favorea@ s t hey | ead t o tirhpeoperfigri@a st i nf

p(a,|c=0,d=0)" 1/a,. The choice of priors in Eq.0.5-16) allows analytical compution
of the posterior for the image gradiep(&* |Y;*,U), which turns out to be a multivariate

Studentt distribution with mean g, =E,0Y,* and covariancg =0 /0, +A)" with

A =diag@a,,...ay ). This formulation is seen to allow robust coefficient shrinkage and

information sharing thanks to inducing a heday in the posteriol(9). It is worth noting that
placing a Gamma prior on the noise precision does not change the additive nature of observation
noise, however a heaviailed t-distribution replaces the normal density functiorexplaining

this residual noise. This has been seen to be more resilient in allowing outlying measuif@ments

Now that an expression for the postegod* |Y.*,U) is obtainedthe remaining work is to

find a point estimate for the hyperparametdd R™ in a maximum likelihood (ML)
framework. This is achieved by searching for the hyperparameter setting that makes the
observation of thé&-space data most likely, and such an optimization process is ealehce
maximizationor typell maximum likelihoodmethod(9,16,21). Thereforethe hyperparameters

that maximize

L L
LO=4 p(r* 10 =4 fp(a, |2 b)p( |U.a,) p(y* |1, a,)dida,  (2.17)
i=1 i=1

are sought for.lt should benoted that data from allL tasks contribute to the evidence
maximization procedure via the summation over conditional distributions. Hence, the information
sharing across the images occurs through this collaboration in the maximum likelihood estimation

of the hyperparameters. Onitee point estimates are constituted using all of the observations, the

posterior for the signal coefficient§' is estimated based only on its relakespace dat&’;* due

tog, =F,0; Y*. Thus, all of the measurements are used in the estimation of the

hyperparameters, but only the associated data are utilized to constitute an approximation to the

gradient coefficients.

Ji et al. show that it is possible to maximize ER.1(7) with a sequential greedy algorithm, in
which the starting point is single basis vector for each signal, then the basis function that yields
the largest increase in the log likelihodd added at each iteration. Alternatively, a
hyperparameter correspondirga basis vector that is already in the dictionary of current bases

can be updated or deleted, if this gives rise to the largest increase in the likelihood at that
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iteration. A final refinement to Jiet al 6 s Bay e s i ans a@d8dbyaréplaang thé h m
observation matriceéﬂ i}iL=l thatareneeadto be storal with the Fast Fourier Transform (FFT).

This enables workg with MRI images of practical sizes; otherwise each of the observation
matrices would oagpy 32GB of memory for a 256x256 imagEhe readeris referredto
Appendix B in(9) for the update equations of this algorithm.

2.2.5 Reconstructing the Images from Horizontal and Vertical Gradient Estimates

Once the image gradien{élix}iL:l and {ﬁiy}iLzl are estimated with the joint Bayesian algorithm,

the ima\ges{xi }iLzl consistent with these gradients and the undersampled measw{é’m}#gts

need to be foundnfluenced by(19), this is formulatedas a least squares (LS) optimization
problem

£ =argxmin z+“uyxi - Uiyui +/“Fvvi Xi =Y Hi (2.18)

~ X
My Xi - U

for i =1,...L where l,x; and p,X; represent vertical and horizontal image gradients. Using

Egs.@7)andR8) and invoking Parseval 6s Theor em,
k-space
% =argmine- e 0, - i +fa- e, @+ Y (ag)

where X;, ¢f and ¢ are the Fourier transforms of , G and i, respectively andX,, is

the transform ofx; restricted to the frequency s . Based on this, the following solutios

foundby representing Eq2(19) as a quadratic polynomial and finding the root with ©

Xw if (w,u)l W
(1_ eZM'W/n)q?( +(1_ ez,q'u/m)cﬁ/

2 . 2
+‘1_ e Zgu/m‘

¥ (W) = (2.20)

otherwise

——) —— :

‘1_ g 2dwin

Finally, taking the inverse Fourier transform gives the reconstructed il{TEéiLgls

2.2.6 Extension to ComplexValued Images

In the general case where the underlying radtitrast images are complealued, the linear

observation model of Eq2.9) is no longer valid. Under the assumption that the support of the
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frequency setWV, is symmetric, it is possibletdecouple the undersampledpace observations

belonging to the real and imaginary parts of the signals,

if supgW[ k k) =sup W sk ). (221)
Yo [ Fy Re(x)) = %C'Qy[k K10 ks k) (2.22)
Im — 'j ; *

Y CRImO) = - Qyik kT Y ks ki) (223)

Here, [k,, k ] index the frequency space anyd[(- k, , -k,)] is the complex conjugate of index

reversedk-space observationtn the case of one dimensional undersamplihg, constraint on

W, would simply correspond to an undersampling pattern that is rsiyrametric with respect to

the line passing through the centerke$pace. After obtaining thk-space datgiiRe and yiIm
belonging to the real and imaginary parts of ifPuiamagexi , Re(x;)andim (x;) are solved for

jointly in the gradient domain, in addition to the joint inversion of rugdtitrastdata, hence
exposing a second level of simultaneous sparsity in the image reconstruction problem. Final
reconstructions are then obtained by combining the real and imaginary channels into €complex
valued images.

2.3 Methods

To demonstrate the inversion performance of the joint Bayesian CS algorithm, three data sets
that include a numerical phantom, the SRI24 brain atlas, iandivo acquisitions, were
reconstructed from undersampliegpace measurements belonging to rtiegnitude imagedn
addition, two datasets including a numerical phantom iandivo multi-contrast slices, both
consisting of complexalued images, were also reconstructed from undersampled measurements
to test the performance of the method with compleixed imagaelomain signals. The results
were quantitatively compared against the popular implementation by letistig6), which does
not make use of joint information across the images, as well as-#@QUSS algorithm, which

is an alternative joint CS reconstruction algorithm.

36



2.3.1 CS Reconstrution with Extended SheppLogan Phantoms

To generalize the Shefymgan phantom to the multiontrast setting, two additional phantoms

were generatedby randomly permuting the intensity levels in the origindB3128 image.

Further, by placing 5 more circles with radii chosen randomly from an interval of [pixe3$

and intensities selected randomly fr¢0rl, 1] to the new phantoms, the idiosyncratic portions of

the scanswere aimeé to be representedvith different weightings. A variabldensity

undersampling scheme kaspace was applied by drawing three fresh samples from a power law
density function, so that the three masksdo fred
Powe law sampling indicates that the probability of sampling a poirit-$pace is inversely

proportional to the distance of that point to the centdrsgace, which makes the vicinity of the

center ofk-space more densely samplé realize this patterrggain Lustigetal 6 s sof t war e
packagg6) was used, which randomly generates many sampling patterns and retains the one that

has the smallest sidelob@peak ratio in the point spread function. This approach aims to create a

sampling pattern that induces optimally incoherent aliasing arti{éyts A high acceleration

factor of R = 14.8 was testedsing the joint Bayesian CS, Luseigal 6 s gr adi ent descen:
M-FOCUSS algorithm. For the gradient descent method, using wavelet and TV norm penalties

were seen to yield better results than using only one of them. In all experiments, all contination
of regularization parametetsy, and | .. from the se{10*,10°1072,0} were testedrad the
setting that gave the smallest reconstruction emas retaineds the optimal one. In the Shepp
Logan experiment, the parameter settihg =/ ... =10° was seen to yield optimal results

for the gradient descent method. The number of iterations was taken to be 50 in all of the
examples The Bayesian algorithm continues the iterations until convergence, which is

determined by

|D?, - D,y | < (D? - D?y) (2.24)

where D?, is the change in log likelihood at iterati@rand D?,.,, is the maximum change in

likelihood that has been encountered inkaterations. The convergence parametewas taken

to be10? in this example. For the MOCUSSmethod, each image was undersampled with the
same mask as phantom 1 in the joint Bayesian CS sirE®@B®USS does not admit different

observation matrices.
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2.3.2 SRI124 Multi-Channel Brain Atlas Data

This experiment makes use of the muliintrast data extracted from the SRI24 a(R®. The

atlas features structural scans obtained with three diffeoerast settings at 3T,

i.  Proton density weighted images: obtained with a 2D axiateltiad fast spin echo (FSE)
sequence (TR = 10000 ms, TE = 14 ms)
ii. T2 weighted images: acquired with the same sequence as the proton density weighted
scan, except with TE 98 ms.
iii.  T1 weighted images: acquired with a 3D axial-diep Spoiled Gradient Recalled
(SPGR) sequence (TR = 6.5 ms, TE = 1.54 ms)

The atlas images have a resolution of 256x256 pixels and covecra fidld-of-view (FOV).
Since all three data sets are already registered spatially, nprposssingvas appliecexcept for
selecting a single axial slice from the atlas. Prior to reecacton, retrospective undersampling
was applied along the phase encoding direction with acceler®tien4 using a different
undersampling mask for each image. Again a power law density function was utilized in selecting
the sampledk-space lines. In this case, alimensional pdf was employed, so that it was more

likely to acquire phase encoding lines close to the centde-splace. Reconstructions were

A

performed using Lustigta. 6s conj ugate gradi épt/,d8CEnt al gor

joint Bayesian method (withh =10°°) and the MFOCUSS joint reconstruction algorithm.

2333T Turbo Spin Echo (TSE) Slices with Early an:

T2-weighted axial multslice images of the brain of a young healthy male volunteer were
obtained with two different TE settings using a TSE sequence (256x256 pixel resolution with 38
slices, 1x1 mm in-plane spatial resolution with 3 mm tkicontiguous slices, TR = 6000 ms,TE

= 27 ms, Tk = 94 ms). Out of these, a single image slice was selected and its magnitude was
retrospectively undersampledhkrspace along the phase encoding direction with acceleftion

2.5 using a different madhr each image, again by sampling lines due tedarfensional power

law distribution. The images were reconstructed using Ledtf 6 s al gori t hm with a

! We use the retrospective undersampling phrase to indicat&-fipatce samples are discarded synthetically
from data obtained at Nyquist ratesoftware environment, rather than skipping samples during the actual scan.
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parameter setting/¢,, =/ =103), joint Bayesian CSlgorithm (with # =10°) and the M

wavelet

FOCUSS method.

2.3.4 Complex-Valued SheppLogan Phantoms

Using four numerical phantoms derived from the original SHeygan phantom, two complex
valued numerical phantoms were generated by combining the four images in real and imaginary
pairs. Retrospective undersampling was applied along the phase encodiotorditwith
accelerationR = 3.5 using a different undersampling mask for each image-dAnénsional

power law density function was utilized in selecting the samklspiace lines, making it more

likely to acquire phase encoding lines close to the cesftdrspace.Again many sampling
patternswere randomly generatezhd the one that has the smallest sidetokmeak ratio in the

point spread functiomvas retainedbut also the sampling mask&re constrainetb be mirror
symmetric with respect to the den of k-space. This way, it was possible to obtain the

undersampledk-space data belonging to the real and imaginary channels of the phantoms
separatelyThe images were reconstructed using Lustigl 6 s a | {0 /|l Fa0>)

joint Bayesian CS algorithm (reconstructing reain8aginary parts together, in addition to joint
multi-contrast reconstruction) and the-lOCUSS method. Further, ngmint reconstructions

with the Bayesian CS method (doing a separate reconstruction for each image, but reconstructing
real & imaginary chamels of each image jointly) and the FOCUSS algorithm {poont version

of M-FOCUSS) were conducted for comparison with Lustigt 6 s appr oach.

235ComplexVal ued Turbo Spin Echo Slices with Early

To test the performance of the algorithots complexvaluedin vivo images, axial multslice

images of the brain of a young healthy female subject were obtained with two different TE
settings using a TSE sequence (128x128 pixel resolution with 38 shig2snm in-plane spatial
resolution with 3 mm thick contiguous slices, TR = 6000 ms, T&7 ms, TE= 68 ms). Data

were acquired with a body coil and both the magnitude and the phase of the images were
recorded. To enhance SNR, 5 averages and a relatively langeiB-plane voxekize were used.

A single slice was selected from the dataset and its kkapace data were retrospectively
undersampled along the phase encoding direction with acceleRatichusing a different mask

for each image, again by sampling lines due tedariensional power law distribution. For the
complexvalued imagedlomain case, the masks were constrained to be symmetric with respect to

the line passing through the centekedpace. The images were reconstructed using Lestf 6 s
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algorithm (/, =/ =10°%), our joint Bayesian CS algorithm (reconstructing real &

wavelet
imaginary parts and mutontrasts together) and the MOCUSS method. In addition, ngmint
reconstructions with the Bayesian CS method (using a sepacatestreiction for each image, but
reconstructing real & imaginary parts of each image together) and the FOCUSS algorithm were

performed.

2.4 Results

2.4.1 CS Reconstruction with Extended ShepfL.ogan Phantoms

Fig. 22 presents the reconstruction results for the three algorithms for the extended phantoms,
along with thek-space masks used in retrospective undersampling. At acceldRatid®.8, the
Bayesian algorithm obtained perfect recovery of the rApése numericaphantom, whereas the
gradient descent algorithm by Lustg al returned 15.9 % root mean squared error (RMSE),

which we define as

RMSE = 100¢ Re(X)- x|,

], (229)

where X is the vector obtained by concatenatingLalinages together, and similarli is the
concatenated vector of all reconstructions produced by an inversion algorithm. The M
FOCUSS joint reconstruction algorithm yielded an error of 8.8 %. The reconstruction times were
measured to be 5 minutes for gradient descent, 4 minutessFO®UISS and 25 minutes for the

joint Bayesian CS algorithm.
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(h)

Fig 22 Reconstruction results with the extended SHepgan phantoms after undersampling

with acceleratiorR = 14.8, at 28x12 resolution. (a) Phantoms at Nyquist rate sampling. (b)
Undersampling p#erns ink-space corresponding to each image. (¢) CS reconstructions with

Lustigetal 6 s al gori t hm vy i e-mehesquaré érorP (d)%AbsBWESEor (flatso o t

for Lustigetal 6 s met hod. (e) RecondOCUSSE bt mamstructiobt ai ned
algorithm have 8.8 % RMSE. (f) Absolute difference between the Nyquist sampled phantoms and

the M-FOCUSS reconstruction results. (g) Joint Bayesian CS reconstruction resulted in 0 %

RMSE. (h) Absolute error plots for the Bayesian CS reconginsct

2.4.2 SRI124 Multi-Channel Brain Atlas Data

The results for reconstruction upon phase encoding undersampling with accelRratibrare

given in Fig.2.3. In this case, Lustigtal 6 s al gori thm returned 9.4 % RN
3.2 % and 2.3 % for MFOCUSS and joint Bayesian CS methods, respectively. The
reconstructions took 43 minutes for gradient descent, 5 minutes-fElDGUSS and 26.4ours

for the Bayesian CS algorithm.
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Fig. 2.3. Reconstruction results with SRI24 atlas after undersampling along the phase encoding
direction withR = 4, at 256x256 resolution. (a) Atlas images at Nyquist rate sampling. (b)
Undersampling patterns ik-space corresponding to éadmage. (c) Applying the gradient
descent algorithm proposed by Luségal resulted in reconstructions with 9.4 % RMSE. (d)
Absolute difference between the gradient descent reconstructions and the Nyquist rate images. (e)
M-FOCUSS reconstructions had2 % RMSE. (f) Absolute error plots for the-RMDCUSS
algorithm. (g) Joint Bayesian reconstruction yielded images with 2.3 % RMSE. (h) Error plots for
the joint Bayesian reconstructions.

243Turbo Spin Echo (TSE) Slices with Early and L

Fig. 24 depicts the TSE reconstruction results obtained with the three algorithms after
undersampling along phase encoding with acceler&m2.5. In this setting, Lustigtal. 6 s code
returned a result with 9.4 % RMSE, wheread-RICUSS and joint Bayesian reconstruction had

5.1 % and 3.6 % errors, respectively. The total reconstruction times were 26 minutes for gradient

descent, 4 minutes for I MOCUSS and 29.Boursfor the Baysian CS algorithm.
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Fig. 24. Reconstruction results with TSE after undersampling along the phase encoding direction

with R= 2.5, at 256x256 resolution. (a) TSE scans at Nyquist rate sampling. (b) Undersampling
patterns used in this experiment. (c) Reconstructions obtained with laistijf 6 s gr adi ent
descent algorithm have 9.4 % RMSE. (d) Plots of absolute error for tloéemgradescent
reconstructions. (e) NFOCUSS joint reconstruction yielded images with 5.1 % RMSE. (f) Error

plots for the MFOCUSS results. (g) Images obtained with the joint Bayesian CS reconstruction
returned 3.6 % RMSE. (h) Error plots for the Bayesi&r€constructions.

These results are also included in Tahle &<, i ( Ffor gompadisprowith reconstruction
using the same undersampling pattern.

For brevity, additional resultare presentedth Table2.1 from more extensive tests in which
various undersampling patterns and acceleratimese employed To t e st t he al go
performance at a different resolution, the TSE and atlas images downsampledo size

128x128prior to undersampling, and similar RMSE resualtsthehigh resolution experiments
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were notedThe table also includes an experiment with 256x256 TSE scans accelerated along the

phase encoding witR = 2.5 but using thesameundersampling pattern for both images.

Dataset Resolution Undersamging Acceleration RMSE %
method factor R Lustig et M- Bayesian
al. Focuss CS
256x256 Phase encoding (PE 3 9.7 6.8 5.8
TSE 256%256 Power law 6 8.1 7.8 6.3
256%256 PE (Fig.2.4) 25 9.4 5.1 3.6
256x%x256 PE, same pattern 25 4.7
128x128 PE 2 8.1 3.8 2.1
256x256 Radial 9.2 6.0 4.5 3.0
SRI 24 128x128 PE 3 72 42 31

Table2.1. Summary of additional reconstruction results on the TSE and SRI 24 datasets using the

three algorithms after retrospective undersampling with various patterasegidration factors

2.4.4 Impact of Spatial Misregistration on Joint Reconstruction

Due to aliasing artifacts caused by undersampling, image registration prior to CS
reconstruction across muttontrast images is likely to perform poorlyhe effect of spatial
misalignmentsvas investigatedby shifting one of the images in the TSE dataset relative to the
other by 0 to 2 pixels with step sizes of % pixels using two different undersampling patterns. The
first pattern incur®k = 3 acceleratiomy 2D undersampling witk-space locations drawn from a
power law probability distribution. In this case, the effect of vertical misalignnvesstested
The second pattern undersamptespace aR = 2.5 in the phase encoding direction, for which
horizortal dislocationsvere testedFor speed, low resolution images at size 128x4@& used
M-FOCUSS and joint Bayesian CS methadsre testedor robustness against misregistration
and that the effect of spatial misalignment wdiserved to benild for both (Fig. 2.5). Even
though Bayesian CS consistently had less reconstruction errors relativ&@CMSS on both
undersampling patterns at all dislocations, the performance-BOMUSS was seen to change
less relative to Bayesian CS with respect to the medutranslations. For joint Bayesian CS,
reconstruction error increased from 2.1 % to 2.8 % at 2 pixels of vertical shift for power law
sampling, and from 5.2 % to 6.4 % at 2 pixels of horizontal shift for phase encoding sampling; for
the MMFOCUSS methodreor increased from 4.7 % to 4.9 % for power law sampling, and from

6.2 % to 6.6 % for phase encoding sampling.
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Fig. 2.5. To investigate the impact of spatial misalignments on joint reconstruction with Bayesian
CS and MFOCUSS, one of th€SE images was shifted relative to the other by 0 to 2 pixels with
step sizes of ¥ pixels using power law and phase encoding undersampling patterns. For speed,
low resolution images with size 128x128 were used. For joint Bayesian CS, reconstruction error
increased from 2.1 % to 2.8 % at 2 pixels of vertical shift for power law sampling, and from 5.2
% to 6.4 % at 2 pixels of horizontal shift for phase encoding sampling; for tROGUSS
method error increased from 4.7 % to 4.9 % for power law samplindr@nds.2 % to 6.6 % for

phase encoding sampling.

2.4.5 Complex-Valued SheppLogan Phantoms

Absolute values of the reconstruction results after undersampling with a symmetric maBk with

= 3.5 for the complexalued phantoms are depicted in 2. For @mplex signals, the error

metricRMSE= 100[& x}, /x|, is usedIn this case, Lustigtal 6 s

with 13.1 % RMSE, whereas joint reconstructions witfHFRICUSS and joint Bayesian methods

had 5.4 % and 2.4 % errors, respectivallie total reconstruction times were 21 minutes for

al gorithm

return

gradient descent, 0.5 minutes forMDCUSS and 18 minutes for the Bayesian CS algorithm. On

the other hand, reconstructing each complalwed image separately with FOCUSS and

Bayesian CS yielded 6.7 %#A.6 % RMSE.
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Fig. 2.6. Reconstruction results with theomplexvalued SheppLogan phantoms after
undersampling with acceleratidh= 3.5, at 128x128 resolution. (aMagnitudes of pantoms at
Nyquist rate sampling. (Bpymmetric mdersampling patterns kspace corresponding to each
image. (c)Real and imaginary parts of the first phantom (on the left in (a)). (d) Real and
imaginary parts of the second phantom (on the right in (@)¥LS reconstructions with Lustigf

a. 6s al gor i31 brRMSEL @ Abdodutk ertor plots for Lustigtal. 6 s m@t hod.
Reconstructions obtained with theMOCUSS joint reconstruction algorithm hevé % RMSE.
(h) Absolute difference betweenhe Nyquist sampled phantoms and theFRICUSS
reconstruction resultsi)(Joint Bayesian CS reconstruction resulted.#% RMSE. (h) Absolute
error plots for the Bayesian CS reconstructions.
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2.4.6 Complex-Valued Turbo Spin Echo Slices with Earlyandlat e TEO® s

Reconstruction results are compared in Eg. for the discussed algorithms. Luseg al 6 s
method had 8.8 % error upon acceleratiorRby 2 with a symmetric pattern, whereas the joint
reconstruction algorithms MOCUSS and joint Bayesian CS yielded 9.7 % and 6.1 % RMSE.
The processing times were 20 minutes for gradient descent, 2 minutesHOICMSS and 5.2
hoursfor the Bayesian CS algthm. Nonjoint reconstructions with FOCUSS and Bayesian CS
returned 10.0 % and 8.6 % errors.

Fig. 2.7.Reconstruction resultr complexvalued TSE imagesafter undersampling along the

phase encoding direction witk= 2, at128x128 resolution. (a)Magnitudes of th& SE scans at

Nyquist rate sampling. (pymmetric mdersampling patterns used in this experimés)tReal

and imaginary parts of the early echo image (on the left in (a)). (d) Real and imaginary parts of

the late echo ige (on the right in (a)fe) Reconstructions obtained with Luségal. 6 s gr adi ent
descent algorithm hav8.8 % RMSE. (d) Plots of absolute error for the gradient descent
reconstructions. (e) NFOCUSS joint reconstruction yielded images v@ih % RMSE. (f) Error

plots for the MFOCUSS results. (g) Images obtained with the joint Bayesian CS reconstruction
returneds.1 % RMSE. (h) Error plots for the Bayesian CS reconstructions.
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With the same dataset, additional reconstructions were perfdorgahntify the effect of the
symmetry constraint on the sampling masks. Both of the late and early TE images were
reconstructed 5 times with freshly generated, random maskfwith (no symmetry constraints)
and also 5 times with freshly generated syetrin masks again & = 2. Using Lustiget al 6 s

method (., =10°%) with the random masks yielded an average error of 10.5 %, whereas using

symmetric masks incurred an average error of 11.5 %.

2.5 Discussion

The application of joint Bayesian CS MRI reconstruction to images of the same object acquired
under different contrast settings was demonstrated to yield substantially higher reconstruction
fidelity than either Lustiget al 6 s -jofnt) algorithm or join M-FOCUSS, but at the cost of
substantially increased reconstruction times in this initial implementation. In contrast to M
FOCUSS, the proposed algorithm allows for different sampling matrices being applied to each
contrast setting and unlike the gradietescent method, it has no parameters that need
adjustments. The success of this algorithm is based on the premise that toemtztt scans of
interest share a set of similar image gradients while each image may also present additional
unique featurg with its own image gradients. In FR8 the vertical image gradients belonging to

the TSE scanare presentedvherea simple experimenwas conductetb quantify the similarity
between them. After sorting the image gradient magnitudes of the earlgcBBENn descending
order, the cumulative energy in themas computedNext, the late TSE gradient magnitudas

sorted in descending order atg cumulative energy in thearly TSE gradientvas @lculatedoy

using the pixel index order belonging to thée TSE scan. This cumulative sum reacl®é&do of

the original energy, thus confirming the visual similarity of the two gradients.

It is important to note that in the influential work byefiial (9), the authors also consider joint
reconstruction of MRI images. However their dataset consists of five different slices taken from
the same scanso the motivation for their MRI work is different from whiatpresentd here.

Even though the multislice images have considerable similarity from one slice to the next, one
would expect multcontrast scans to demonstrate a yet higher correlation of image features and a

correspondingly larger benefit in reconstruction figelit
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Fig. 2.8 (a) Image gradients for the muttontrast TSE scans demonstrate the similarity under the
gradient transform. (b) To quantify this similarity, we computed the cumulative energy of the
image gradient of early TSE scarSg in TSE order). Then we sorted the late TSE scan (J)SE

in descending order, and computed the cumulative energy in d8tesponding to the sorted
indices in TSEwhich gave the curv@SE in TSE order. The similarity of the curves indicates
similar sparsity supports across images.

Two aspects of the proposed Bayesian reconstruction algorithm demand further attention. First,
relative to the other two algorithms we investigated, the Bayesian method is dramatically more
time consuming. The reconsttion times can be on the order of hours, which is prohibitive for
clinical use as currently implemented. As detailed in the Results section, the proposed algorithm
is about 40 times slower than gradient descent, and about 300 times slowerFE@OUSS br
the in vivo data. Future implementations and optimizations that utilize specialized scientific
computation hardwarare expectetb overcome this current drawback. Particularly, it is common
to observe an order of magnitude spapdvith CUDA (Compute Udified Device Architecture)
enabled Graphics Processing Units when the problem under consideration can be adapted to the
GPU architecturé€23). In a recent work, using CUDA architecture in compressed sensing was
reported to yield accelerations up to a factor of{24). It is expeced that parallelizing matrix
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operations and FFTs can yield significant performarmast. On the other hand, an algorithmic
reformulation can be another source of performance increase. Solving the inference problem via
variational Bayesian analys{25) was seen to yield an order of magnitude spgedelative to

the greedy Bayeah CS method for nejpint image reconstruction.

A second aspect of this reconstruction method that requires further analysis is the potentially
detrimental impact of source data that are not perfectly spatially aligned. To maximize the
information shang among the inversion tasks, it is crucial to register the +ooitirast scans
before applying the joint reconstruction. To minimize the adverse consequences of such
misalignment, future implementations might deploy either-tieg@ navigators (e.g(26)) or
retrospective spatial registration among datasets based on preliminary CS reconstructions without
thejoint constraint. For some acquisitions, subtle,-rigid spatial misregistration may occur due
to eddycurrent or B inhomogeneity induced distortions. To correct for such higheer
translation effects, several fast and accurate correction metheel®éean proposed (e(@.7,28))
and caild be applied for correction of undersampled images in joint Bayesian reconstruction. As
the preliminary investigation in the Results section demonstrates, joint Bayesian CS algorithm is
robust against misregistration effects up to shifts of 2 pixels,itaisdbelieval that existing
registration techniques can britite imagesvithin this modest range. Alternatively, future work
aimed at the simultaneous joint reconstruction and spatial alignment might pose an interesting
and challenging research projeat this area, which might be accomplished by introducing

additional hidden variables.

Regarding realalued imagelomain datasets, the presented CS reconstructions obtained with
Lustigetal 6s conjugate gradient descent method yielc
the joint Bayesian algorithm. Even though this error metric cannot be considered the sole
criterion for fAgo9,dakingnesea similaites betsvéen mudtihtiasd n
scans can be a first step in this direction. In the more general case where the metbddsted
with complexvalued images, the improvement in RMSE reduced to abéutiries on then
vivo data with the joint Bayesiaalgorithm. Whenthe individual imagesvere reconstructed
separately, but using their real & imaginary parts jointly, this-joornt version of the Bayesian
algorithm outperformed both Lustigt al. 6 s odnand MFOCUSS on the complexalued
numerical data and the TSE scans. This might suggest that exploiting the similarity between real
and imaginary channels of the images can also be source of performance increase. It is important
to note that the currerBayesian algorithm requires the sampling patterns to be symmetric in

order to handle complexalued images, and this constraint might be reducing the incoherence of
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the aliasing artifacts. As reported in the Result section, using symmetric patternd mistea
unconstrained ones increased the error incurred by Leistiyy 6 s al gori t hm from 10.
%, which seems to be a mild effect. Even though the proposed joint reconstruction algorithm
increases the collective coveragekedfpace by sampling newverlapping data points across the

multi-contrast images, this benefit might be dampened by the symmetry constraint.

For comparison, the NFOCUSS joint reconstruction algorithwas implementedandit was
noted that it also attained smaller RMSE figucesnpared to the gradient descent technique.
Even though MFOCUSS is seen to outperform other competing matching pursuit based joint
algorithms(13), the Bayesian method proved to exploit the signal similarities more effectively in
the presenteéxperiments. This is made possible by the fact that the Bayesian framework is
flexible enough to allow idiosyncratic signal parts, and strict enough to provide information
sharing. Importantly, the Bayesian approach also permits the use of differenatibsematrices
for each signal. This allows incredg®tal k-space coverage across the madthtrast scans, and
its benefit can be seen from the two experiments conducted on the TSE scans with acdgleration
= 2.5 along the phase encoding direction. Bagesian reconstruction results displayed in Fig.
24 are obtained by using a different undersampling patterk-$pace corresponding to each
image, and this yielded 2.6 times less RMSE comparedtolatstlg 6s al gor i t hm, demon
the benefits bvariations in the sampling pattern for different contrast weightings. On the other
hand, the experiment in Tabgl that uses the same pattern for both images ret@nedes
smaller RMSE compared to the gradient descent method. Howev&Q@USS has the
advantage of being a much faster algorithm with only modest memory requirements.
Interestingly, the performance of the-RDCUSS algorithm deteriorated significantly when
tested on the complesalued signals, yielding poorer results relativd_ustigetal 6 s met hod f or
the complexvalued TSE dataset. Even though the joint Bayesian algorithm also suffered a

performance decrease, it still yielded significantly lower errors with the cormplard signals.

A direction for future work is t application of the covariance estimates for the posterior
distribution produced by the Bayesian algorithm, which could be used to design optimal
undersampling patterns kaspace so as to reduce the uncertainty in the estimated €ig/s4d).

Also, it is possible to obtain SNR priors, which might be utilized in the Gamma prior
p(a, |c,d)=Ga(a, | c,d) defined over the noise precisiap in the Bayesian algorithnThe
setting c=d =0 was usedto incur a norinformative noise prior which would not bias the

reconstructions towards a particular noise power. In our informal experiments, smaller RMSE
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scoreswere also obtainedvith this setting. Yet the optimal selection ofand d needs further

investigation.

Results in this work do not cover parallel imaging considerations, yet combining compressive
measurements with multichannel acquisitions has received considerable attenti(8,34)g.
Even though exposing the Bayesian formalism to parallel imaging is bélyerdrrent scope,
treating the receiver channels as a similarity axis in addition to the contrast dimension might be a

natural and useful extension of the work presented here.

In addition to the demonstration of the joint CS reconstruction of multiifterent image
contrasts, other applications lend themselves to the same formalism for joint Bayesian image

reconstruction. These include, for instance,

x  Quantitative Susceptibility Mapping (QSMi this settingtheaimis to solve an inverse

problem & estimating a susceptibility mag related to the phase of a complex image

IM[e!" via an ilkposed inverse kernel. Since the magnitude [p4ftis expected to share
comma image boundaries witle , it might be possible to use it as a prior to guide the

inversion task.

x Magnetic Resonance Spectroscopic Imaging (MRElnbining spectroscopic data with
high resolution structural scans might help reducing the lipid contamination due to the
subcutaneous fat or enhance resolution of brain metabolite maps.

x  Multi-modal imaging techniquesSimultaneous acquisitions with difent modalities

(e.g. PETMRI) may benefit from joint reconstruction with this Bayesian formulation.

2.6 Joint Reconstruction with Prior Estimate

As acquisition timesmay vary among different contrasia the multicontrast protocolthe

overall scan timecan be minimized for a fixed amount of undersampling by modulating the
degree of undersampling among the different contrast preparations. Here, the joint Bayesian
frameworkis extendedo asymmetric undersampling schemes where one contrast image is fully
sampled while other contrasts are undersamgdeformulating the inference problem, a new
reconstructionmethodthat is based on the Expectatiblaximization (EM) algorithmis also
introduced The EM approach permits the use of a prior image to facilitate the reconstruction, and

is detailed in the following.
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2.6.1 EM Algorithm for Joint Reconstruction with Prior Estimate

GivenL undersampled imagexi}i-1, N BV acquired with different contrasts and a fedlgmpled
imageXyior, @ Sparse representatioragainobtainedfor the undersampled contrasig taking the
spatial gradients ik-space:

Foi= €21yl z (2.26)

To simplify the expressionghe distinction between the vertical and horizontal gradients is
now omitted and the corresponding superscripts are droppts sectionThe gradient of the
prior image is directly computed @i = F' § ( € "™ ypior}. The data are modeled to be
corrupted by compl ex Gaieldingthadatalikeliliosde wi t h vari anc

Pz, F=" (Fqt, *)a (2.27)
A Gaussian prior across each pixel of thenagesis placedo couple them,
p(lic}a) = (0,al) (2.28)

wherelN E is the vector formed by taking the pixel in each image and = 1/U is the
inverse of thenyperparametet] controlling the variance. By multiplicative combination of all
pixels, full prior distribution is obtained,

Pl o) = B =1y p(Ue[2) (2.29)
Combining the 1likelihood and the ("rimage with t
becomes
p(li 12,9 = (ei, B) (2.30)
with =010 K"B' F,0 and (2.31)
gi=0 KB % (2.32)

whereB [ %IéF 0 K" andl [ diag(0). The posterior distribution is fully characterized if the
(inverse) hyperparameters are estimated, which can be done with an-fgpk algorithm by

iteratively applying Eqs.2.31) and(2.32 followed by the update

a""= g JP/(LT LB/ o (2.33)

By using the prior image to initialize the EM iterationg"™ = o>, the known sparsity
support ofli,er facilitates the recovery of the undersampled images. After estimating the vertical
and horizontal gradientshe images &}i-1,. that are onsistent with these and thkespace data

{yi}iz1, are again foundly solving a least squares problem.
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2.6.2 Methods

Bayesian CS with prior was applied tbhe TSE and SRI24latasets, which were also
reconstructed with the CS algorithby Lustig et al.(6) using total variation penalty with an
optimal regularization parameter that yielded the smaRMEE In the TSE experimentn
early echo slice was retrospectively undersampled avitmdom 2D pattern using acceleration
= 4 while the late echo image was kept fully sampled to serve as Regarding the SRI24
dataset, imgle slices from the T2 and T1 weighted images were undersampled along phase
encoding with acceleratioR = 4, while the PD image was kept fully sampled to supply prior
information. An approximate solution to the laggale matrix inversiomB' 'in Eq. @.31) was
computed iteratively by Lanczos algorithm with partial reorthogonalization for the Bayesian CS

algorithm.

2.6.3 Results

Fig.29depi cts the TSE dataset reconstruction resul
9.3% RMSE, while Bayesian CS with prior information had 5.8% error. Results for the SRI24
dataset are given in Fig.1®. Her e, Lustig et al.ds method yiel
was 4.3% for Bayesian CS that jointly reconstructed T2 and T1 images with the help -of fully

sampled PD image. Joint BayesianWighoutusing a prior had 4.9% error (not shown).

Fig. 2. 9. (a) Lustig et al.o6s algorithm yielded
with prior returned 5.8% error (d) error for Bayesian CS (e) fséisnpled prior (fR=4 sampling
pattern
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2.6.4 Remarks on Reconstruction with Prior Estimate

The presented method makese of the known sparsity support of a fedgmpled image only to
initialize Bayesian CS iterations, and hence avoids imposing this support on the reconstructed
images. Acquiring a fulhsampled prior is desirable in cases where one imaging sequence is
significantly faster than the other contrast weightings, e.g. afFRMBE acquisition along with

other contrasts.

2.7 Conclusion

This chapteipresented the theory and the implementation details of a Bayesian framework for
joint reconstruction of muktontrast MRI scans. By efficient information sharing among these
similar signals, the Bayesian algorithm was seen to obtain reconstructiorsnaiter errors (up

to a factor of 4 in RMSE) relative to two popular methods, Lustigh 6 s conj ugate gr a
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descent algorithnt6) and the MFOCUSS joint reconstruction approgd3). In the presence of a
fully-sampled image, it was shown that joint reconstruction can be further enlgnesidg this

image to spply prior information.
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Chapter 3

Regularized Quantitative Susceptibility Mapping

Quantifying tissue iron concentratiém vivois instrumental for understanding the role of iron in
physiology and in neurological diseasassociated with abnormal iron distribution. In this
chapter, the recentigeveloped Quantitative Susceptibility Mapping (QSM) methodology is used

to estimate the tissue magnetic susceptibility based on MRI signal phase. To investigate the effect
of different r egul ar i zaantd nodn regqularzed Q8N algordhms are implemented

and compared. These regularized approaches solve for the underlying magnetic susceptibility
distribution, a sensitive measure of the tissue iron concentration, thatrigwds the observed

signal phase. Regularized QSM methodology also involves-prpcessing step that removes, by
dipole fitting, unwanted background phase effects due to bulk susceptibility variations between
air and tissue and requires data acquisitioly at a single field strength. For validation,
performances of the two QSM methods were measured against published estimates of regional
brain iron from postmortemand in vivo data. Thein vivo comparison was based on data
previously acquired using FeDependent Relaxation Rate Increase (FDRI), an estimate of MRI
relaxivity enhancement due to increased main magnetic field strength, requiring data acquired at
two different field strengths. The QSM analysis was based on suscepti@ligirted images
acquired at 1.5T, whereas FDRI analysis used Mshidot EchePlanar Spin Echo images
collected at 1.5T and 3.0T. Both datasets were collected in the same healthy young and elderly
adults. Thein vivo estimates of regional iron concentration comported welh wpitiblished
postmortemmeasurements; both QSM approaches yielded the same rank ordering of iron
concentration by brain structure, with the lowest in white matter and the highest in globus
pallidus. Further validation was provided by comparison ofitheivo meas ur ement s, a
regul ari zed QS M-regdarizzdi@SM Fesis|FDRI,wiich again yielded perfect
rank ordering of iron by brain structure. The final means of validation was to assess how well
eachin vivo method detected known agelated differences in regional iron concentrations
measured in the same young and elderly healthy adults. Both QSM methods and FDRI were
consistent in identifying higher iron concentrations in striatal and brain stem ROIs (i.e., caudate
nucleus, putamen, globuslpdus, red nucleus, and substantia nigra) in the older than in the
young group. The two QSM methods appeared more sensitive in detecting age differences in

brain stem structures as they revealed differences of much higher statistical significance between
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the young and elderly groups than did FDRI. However, QSM values are influenced by factors
such as the myelin content, whereas FDRI is a more specific indicator of iron content. Hence,
FDRI demonstrated higher specificity to iron yet yielded noisier despité longer scan times

and lower spatial resolution than QSM. The robustness, practicality, and demonstrated ability of
predicting the change in iron deposition in adult aging suggest that regularized QSM algorithms
using singlefield-strength data areogsible alternatives to tissue iron estimation requiring two
field strengths.

Further,this chapter develops a closedb r m e x p r gregalariced QSMothat can be
computed in less than 5 seconds, which is a substantial-spesainpared tdaterative methods
that may take up to an hour of processing time.

3.1 Introduction

Excessive iron depaosition in subcortical and brain stem nuclei occurs in a variety of degenerative

neur ol ogi cal and psychiatric disorders, incl udi
mul tiple sclerosi s (32.d&urtter,fsimokem(i)sandindéve/o (/BB e a s e

studies have revealed that deep gray matter stairctures accumulate iron at different rates

throughout adult aging. Structures that exhibit iron accrual support components of cognitive and

motor functioning(37-39). To the extent that excessive iron presence may attenuate neuronal

function or disrupt connectivity, quantification and locatafriron deposition may help explain

age and diseaseelated motor slowing and other selective cognitive decline.

Several MRI methods have been proposed ifowivo iron mapping and quantification.
Bartzokis et al.(40) capitalized on the enhanced transverse relaxivity (R2) due to iron with
increasing main field strength for the Fiddépendent Relaxation Rate Increase (FDRI) method.
FDRI relies on the use of R&eighted imaging at twoifflerent field strengths and attributes the
relaxation enhancement at higher field to iron, which may be a specific measure of tissue iron
storeq(40).

Whereas FDRI relies on the modulation of signal intensity in MRI to infer iron concentration,
MRI signal phase has also been proposed as a source signal for iron mapping, both by direct
evaluation of phase imagé41,42) and by reconstruction of magnetic susceptibility images that
derive from the phase daf84,42). Local iron concentration is strongly correlated with the
magnetic susceptibility value@3-45); therefore, quantification of this paramagnetic property

presents a sensitive estimate of iron concentration, although possibly complicated by more
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uncommon factors,ugh as pathological manganese deposififi). Phase mapping yields high
resolution, highSNR data that demonstrate correlation with i(84), but as an estimate of the
underlying magnetic susceptibility, it suffers from Honal effects and spatial modulation
artifacts due to the neftrivial mapping from susceptibility to phagé7). To overcome these
limitations, herein regularized Quantitative Susceptibility Mapping (QSM) algorithare
employed forrobust estimabn of the magnetic susptibility ¢ of tissues based on gradiestho

signal phase. The magnetic susceptibilitphnaps to the observed phase shift in MRI via a-well
understood transformation, but the inverse problem, i.e., estimatefrah phase, is ill posed

due to zeros oa conical surface in the Fourier space of the forward transform; heimsgyrsion
benefits from additional regularization. Recently, elegant regularization methods were proposed
for deriving susceptibility inversion. In the work by de Rochefort et2811Q), smooth regions in

the susceptibility map are promoted to match those of the MR magnitude image by introducing a
we i g hhoendperdlty on the spatial gradientssotikewise, Liu et al. (2010) regularized the
inversion by minimizing thé, norm d gradients of, again weighted with a mask derived from

the image magnitude. Kressler et al. (2010) experimented &siagh ¢ noém regularizations
directly on the susceptibility values, rather than posing the minimization on the gradient
coefficients.Another method to stabilize the susceptibility reconstruction problem is to acquire
data at multiple orientations and invert them simultaneousthowt regularization. This
approach was introduced by Lét al. (2009) and also investigated by others such as Wharton and
Bowtell (2010)and Schwesest al (2011).

In this work, two different regularization schenmas investigatefor susceptibility inversion;
u s i pregulatized QSM that parallels the appioaf Liuet al (2010)anda,-regularized QSM
which was introduced by de Rochefat al (2010). Given that magnetic susceptibility is a
property of t he wregdaized Q3IMhthaunderlyimgsassamptionisrthat a
susceptibilityis approxinately constant within regions of the same tissue type or within an
anat omi cal structur e. nd@apemlited Q8M algbrithen regufarizesi s e ,
the inversion by requiring the estimatetb be sparse in the image gradient domain. On ther oth
hand, p | ;anarmn pegaltyaon thé spatial gradientscofloes not promote sparsity, but
results in a large number of small gradient coefficients and thus incurs a smooth susceptibility
reconstruction. In addition to regularized susceptibility isian, the presentedapproach
incorporates a robust background phase removal technique based on effective dipol(d8)iting
which addresses the challenging problem of removing phase variations in the data that arise
primarily from bulk susceptibility variations between air and tissue rather than the more subtle

changes ofe within the brain. Dipole fitting contains no paraewst that need tuning and
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preserves the phase variations caused by internal susceptibility effects more faithfully than high
pass filtering, as employed in susceptibilitgighted imaging (SWI§41,42). All susceptibility
mapping methods require data acquired at only one field strength, thereby overcoming certain
limitations of the FDRI approach, including long scan tiraed the need for spatial registration

of image data acquired with different scanners at different field strengths.

Her e, ;atnideofnd regularized QSM methodse describeénd appged to SWI data
previously acquired in groups of younger and elderly, healthy a(88}s To validate the on
measures, the results of QSM methadse comparewvith values published from postmortem
study(1). As further validation, QSM resultgere compareith those based on FDRI collected
in the same adult&35) to test the hypothesis that the iron deposition in striatal and brain stem
nuclei, but not white matter or thalamic tissue, would be greater in older than youngerTdmults.
chapter closes with a fast algorithm that achiesigsegularized susceptibility mapping in
seconds.

3.2 Methods

3.2.1 Susceptibility and MR signal phase

The normalized magnetic field shiftmeasured in a gradieatho sequence is related to the MR

image phasdi via U = (BpAD/B Wikere B, is the main magnetic field strength,is the

gyromagnetic ratio,andlEi s t he echo ti me. It foll ows from Ma
that the relationship between the underlying susceptibility distrib@iand the observed field

shift U is given by(47,49,50)

Fi= % k2+ky e g(FG (3.1)

whereF is the discrete Fourier transform mattxandk, are the ipplane frequency indicek,
is the frequency index alorigy, and Adenotes elemesnwise multiplication. Denoting witlD the

kernel that relates the field map to the susceptibtlity,relation can also be expressed as
i=F'DFa (3.2)

The spatial frequencies at which the kernel is zero define a conical surfiespace, which
effectively undersamples the Fourier transformcoénd thereby gives rise to the-flbsed
problem of susceptibility estimation from image phase. In addition, the susceptibility kernel is not

defined at the center dfspace (the DC point), but one can choose a solution that vanishes at
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infinity, which is obtained by setting the Fourier transform of the field to R at0 (47). This
assignment of signal for thk-space origin causes the resultingto have zero mean; but
independent of the particular design choice for this DC sighealsusceptibility distribution is
inherently a spatial map oélative susceptibilities. Under the assumption that the field map and
the susceptibility distribution are differentiable alokg Li et al (2011) derived that the
convolution kernel equal2/3 atk = 0. In this work, the convention of assigning 0 to the DC
value of the kernak adoptedThus, to achieve absolute quantificatioresofome reference value
needs to be established. For this study, the magnetic susceptibility value in sptechaseras

a reference. This structure was preferred over taking as a reference the CSF, for which the
susceptibility values were observed to differ substantially between the anterior and the posterior
ventricles in this study.

3.2.2 Background effectemoval from the field map

In addition to the relatively subtle internal effects of the tissue iron on the MRI phase,
background artifacts caused by -@dsue boundaries contribute thasv majority of signal
variation in the observed phase. While the susceptibility difference between air and water is about
9.4 ppm(parts per millionY51), the largest withitbrain variation due to tissue iron is more than
an order of magnitude smaller. Assuming that the average human tissue susceptibility is similar to
that of water, it is clear that background effects dominate the observed phase anddbkised
signal component is a challenge to robust susceptibility inversion. Because the background
effects usually vary slowly across space, various methods have been proposed to filter them out
based on this frequency characteristic, such as polyndittiiady (44) and forward modeling to
estimate the phase from the air/tissue inter{a@ Even though these methods are effective for
background phase removal, their impact on the internal phase variations due to tissue iron is
unclear. A recent background field removal aitjon, effective dipole fitting(48), aims to
estimate the background susceptibility distribution that optimally matches the field inside the
region of interest (ROI), and remavéhis contribution to recover the foreground field map. This
is achieved by solving a leasfuares problem

Gy, :argminGHM(U F'DFM G)Hz (3.3)

whereM is the brain mask that marks the ROI antlis the complement dfl, thusmarking
the background. After solving fa,, the field map induced only by the internal local effects is

obtained by
0, =0 F'DFM g, (3.4)
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Compared with higipass filtering, effective dipole fitting was seen to yield 1/3 to 1/7 times the
rootmeansquare error relative to the true field maps obtained from reference(48ansnother
elegant background removal technique called SHA®IP, with results comparable to those of
the dipole fitting metho@53), involves removing the harmonic contributions to piase inside

the region of interest by filtering.

3.2.3 Suscepti biréguldrizatonnver si on with a

The final step in the proposed algorithm is to estimate the susceptibility distribution that gives
rise toti,. Hencethe aim isto solve

U =F'DFg (3.5)

Because some of the spatial frequencies are undersampled by theDkeheeinversion ot
benefits from regularization that imposes prior knowledge on the reconstructed susceptibility
map. The susceptibility values are tied to the paramagnetic properties of the underlying tissue
structure; hence they vary smoothly across space within anatobtioadaries and can be
approximated to be pieagise constant. In this case, the susceptibility map is expected to be
sparsely represented in the spatial image gradient domain. To formulate thisthelafm is to

find thec distribution that matchesé field magli,, and that also has sparse image gradients

b

G,
i, F'DFe[ A[|GG), with G &z (3.6)

e,
&G,

G,, =argmin,|

where ||G G||l i s t mem di image gradients in all three dimensions, angé a

regularization parameter that trades off data consistency and spatial smoothness. This convex
program is very similar to the objective function in toenpressedensing (CS) MR literature,

where the aim is to reconstruct MR images from undersankgdpdice data. According to CS
theory, if the underlying image can be approximated to be sparse in a transform domain, then it
can be recovered from randomly undersamgispace data via a nonlinear recovery scheme, and

the reconstruction quality depends the number of observed frequency samples as well as the
coherence of the aliasing artifacts in the transform dorftin The nonlinear recovery method
usually i nvol vmosnofpthe transfdrnzed image. Bdsexd oréthis,(BEG) can be

viewed as CS reconstruction with a modified observation mBfiinstead of the undersampled

Fourier transform.
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An objective function similar to Eq3.6) has been previously proposedLliiu et al (2010,

which included a smoothing term of the fodthGG G||L. Here, Ws is a weighting matrix

derived from the MRI image magnitude, abhdienotes the choice of the norm, which can be
e i t har a hodotopic approximation to tlgnorm. Apart from the magnitude weightirthe

presentedanethod parallels this approach.

3.2.4 Suscepti bjréguldrizatonnver si on with a

Another way of introducing regularization to the inversion problem is by penalizirdg tiegm
of spatial gradients of the susceptibility distribution,

G, =argmin, |G, -+ 'DF GHE b ||G@||§ (3.7)

I n cont r asegulanezationithattptoraotes sparse spatial gradients (i.e. a small number
of nonzero gradientc o e f f i G-regulartzesd)inversian favors a large number of small
gradient coef fi ci eninorm pdRatygwas iatrodueed id de@R8ckefort ett h
al. (2010), which also included a weighting mawix derived from the signal magnitude in the

regularization term to yle|leG G||2. To investigate the effect of the regularization norm

selection in susceptibility inversion, QSM results with both regularization styles are presented.

325ef fect of regularization parameters & and

The regularization parametexin Eq. (3.6) determines the smoothness of the reconstructed
susceptibility map such that larger valuessgfeld smoother image results than do smaller ones
(Fig. 3.1). This flexibility permits controling the scale of spatial features present in ¢he

reconstruction.
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Fig. 3.1. l-c u r v ej-refjubarizedd@SM results for a young subjetaxis: data consistency

term ||lj - F'DF G”2 in regularized reconstruction for varying values of the smoothing parameter

& Y-axis: regularization terfi> G|,. Setting & = 5-10° yielded an underegularized

susceptibility map with ringing artifacts (a), whereas usig10° resuted an overegularized
reconstruction (c). Foa-= 2-10% the operating point with the largest curvature on theilve
was obtained (b). This sreguldrizedrgsulissas used f o

In terms of imposing prior belief on the susceptibility distribution, it is possible to recover Eq.
(3.6) by assuming that the normalized field mapis corrupted by white Gaussian noise with
some variancé® and by placing a sparsifyromoting Laplacian prior distribution on the gradient
coefficients of thes map,

(3.8)

()%eroeXPae 52 | !

w h e rc eeprésents the spatial gradientapfandM is the total number of voxels im With
these noise and prior models, invoking thaximum a posterioiMAP) estimate reduces to Eq.
(3.6). From this point of view, using a largewill produce a highly peaked prior distribution at
zero, inducing sparser image gradient solutions, and smoother susceptibility maps.
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Again from a Bay esnoraneguarzatisnprerespands ¢o, computireg tha
MAP estimate after placing a multivariate Gaussian prior on the gradient coefficients of the
susceptiility map,
p(He) = expan — & gll 6 i 59)

< o Mz e S i
(2p§/ yl\)/l/Z g 252/ bi:l

where(r is the data noise in the field map amds the regularization parameter in €g.7).
Hence, the variance of the gradient coefficie(ﬁé/ l) i's inversely pyoportio

regularization parametdr. Accordingly, a large regularization parameter will limit the variation

in the gradient coefficients and induce smaller values @2y.

40

L2 norm regularization
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Fig. 3.2. l-c u r v e,refutarizeddSM results for a young subjetiaxis: data consistency

term ||lj - F'DF G”2 in regularized reconstruction for varying values of the smoothing parameter

b. Y-axis: regularization terffG 6|,. Setting b = 3.10° yielded an underegularized

susceptibility map with ringing artifacts (a), whereas uirg7-10? resulted an overegularized
reconstruction (c). Fdb = 1.5-10% the operating point with the largest curvature on thiive
was obtained (b). Thisset i ng was us egregllarizedresblis. r eported &
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3.26Sel ection of regularization parameters & and

To choose appropriate regularization parameters that balance data consistency and the amount of
regularization, the icurve method was employd85). The corners of the-turves were not
s har p- & o ds-reqularized reconstructions (Fig8.1&2), and optimal regularization
parameters were determined by finding the operating points with the largest curvaturee L

tests were performed on a young and an elderly subject froim thieo dataset ath the optimal
operating points were found to be=2 *f o f-regdlarized QSM andb=1.5 D*f o - &

regularized reconstructions on both the young and the elderly subjects.

3.2.7 Dataset acquired in younger and elderladults used for comparison of regularized
QSM and FDRI

To examine consistency with our previous study that investigated the performance (BEDRI

the proposedton quantification algorithmvas teste@n the same dataset, as summarized below.
Subjects

Two groups of healthy, highly educated, rigfainded adults were studied: 11 younger adults
(meanzS.D. age = 24.0 + 2.5, range = 21 to 29 years, 15.9 years of education; 5 men, 6 women)
and 12 elderly adults (mean+S.D. age = 74.4 + 7.6, range = 64 toaB$, 6.3 years of
education; 6 men, 6 women). The younger subjects included laboratory members and volunteers
recruited from the local community. All older participants were recruited from a larger ongoing
study of normal aging and scored well within ti@mal range on the Dementia Rating Scale
(56): mean = 140.6, range = 132 to 144 out of 144, cutoff for dementia = 124. Mean (and range)
of days between 1.5T and 3.0T scan acquisition were 16.5 (0 to 56) days for the young and 9.3 (0
to 42) days for the elderly group; for 2 of the young and 8 of the elderly both sets of scans were

acquired on the same day.
Image acquisition protocols

MRI data were acquired prospectively on 1.5T and 3.0T General Electric (Milwaukee, WI) Signa

human MRI scanners (gradient strength = 40 mT/m; slew rate = 150 T/m/s).
FDRI acquisition

At 1.5T, after auto shimming for the session, the following sequences wegreeal for 62 axial

slices, each 2.5 mm thick:
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1) 3D SPoiled Gradient Recalled Echo (SPGR) for structural imaging and registration
(TR/TE=8.1/3.3 ms, FA=30°);

2) multi-shot Echo Planar Spin Echo (EPSE) (TR/TE 6000/17, FA=90°, 256x18arin,
FOV=24 cm 4 NEX, 24 interleaves with 8 phasacode lines per TR, 9:40 min);

3) multi-shot EPSE (TR/TE 6000/60, FA=90°, 256x19lane, FOV=24 cm, 6 NEX, 24
interleaves, 14:20 min).

At 3.0T, after auto shimming for the session, the following sequencesasquired in the

axial plane:

1) 3D SPGR for structural imaging and registration (TR/TE=8.1/3.3 ms, FA=15°, 124 slices,
1.25 mm thick);

2) multi-shot EPSE (TR/TE 6000/17, FA=90°, 256x19iane, FOV=24 cm, 3 NEX, 24
interleaves, 62 slices, 2.5 mm thi@k10 min);

3) multi-shot EPSE (TR/TE 6000/60 ms, FA=90°, 256x19plane, FOV=24 cm, 6 NEX,
24 interleaves, 62 slices, 2.5 mm thick, 14:20 min).

SusceptibilityWeighted Image acquisition

At 1.5T, after auto shimming for the session, the following secggwere acquired for 62 axial

slices, each 2.5 mm thick:

1) 3D SPGR for structural imaging and registration (TR/TE=28/10 ms, FA=30°, 256x256
in-plane, 24 cm FOV);

2) susceptibilityweighted 3D SPGR (TR/TE=58 ms/40 ms, FA=15°, 512x25@adne, 24
cm FOV, 12:20 min, with flow compensatio34,57);

3) 2D gradientecalled echo sequence (TR/TE=600/3 ms, FA=20°);
4) 2D gradientecalled echo sequence (TR/TE=600/7 ms, FA=20°).

Phase images were constructed from & and imaginary components of the SSHGR
data after the phase had been unwrapped with FSL PRELUDE (Phase Region Expanding Labeler
for Unwrapping Discrete Estimat€S8)). The magnitude and phasawrapped SWI data were
downsampled from 512x256 to 256x256 via averaging to match the FDRI resolution. Brain
masks were generated with the FSL Brain Extraction Tool, BB, to be used in the dipole

fitting step for background phase removal. After estimating the foreground field maps from the
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unwrapped phase data with the desampled size 256x256, susceptililihaps were generated
with the two QSM algorithms.

Image registration

As previously describe@@5), for each subject and for 1.5T and 3.0T separately, thectdte

EPSE data were nonrigidly registei@®) [http://nitrc.org/projects/cmtkAfio the earlyecho EPSE

data. This was necessary because the two echoes arose from separate acquisitions, rather than a
single dualecho acquisition, and were, therefore, not always perfectly aligned with each other.
The 1.5T earlyecho EPSE image of eachbgect was registered to the 3.0T eatho EPSE

image of the same subject, which was then registered nonrigidly to the subject's 3.0T SPGR
image. The 3.0T SPGR image from each subject, after brain extraction using BET, finally was
registered nonrigidy a the SPGR channel of the SRI24 atlag22)
[http://nitrc.org/projects/sri24/] Via concatenation of the aforementioned registration
transformations, the 1.5T and 3.0T eagbho and latecho images were all reformatted into 1

mm isotropic SRI24 spacesach using a single interpolation with gpi%el-radius cosine
windowed sinc kernel. Reformatting both 1.5T and 3.0T data from each subject into SRI24
coordinates via that subject's 3.0T SPGR image (rather than separately via teeleaBPSE
images akach field strength) ensures that the unavoidable $ntgiect registration imperfections

are consistent for images from both field strengths. The 1.5T SWI magnitude images were rigidly
registered to a contemporaneously acquired structural SPGR imaigh, wds then registered
nonrigidly to the same subject's 3.0T SPGR image. The SWAR registration was limited to a

rigid transformation because signal dropouts in magnitude SWI due to BO field inhomogeneities
prevented nonrigid correction of the relativemall distortions between SWI and SPGR. Again,

via concatenation of transformations, the phase images were reformatted into SRI24 space, again
with a 5pixel radius cosine sinc kernel. All data were analyzed in commom1lisotropic

SRI24 atlas space.

Regionof-Interest (ROI) identification

Voxel-by-voxel FDRI images (FDRI=(R#Z R.27)/1.5T) were created for each subject and used
to make a group FDRI average, comprising all young and elderly subjects. A similar group
average was made for the QSM imagaisd separate young and elderly group averages were

made for display purposeBig. 3.3).
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Fig. 3. 3. Young (l eft) and el;-teguializgd QSEM {b)g ht )
a n g-regularized QSM (c). Greater irmoncentration yields brighter QSM and FDRI images.
Splenium reference ROIs are indicated with a white box on the axial QSM slices.

As previously describe(B5), bilateral caudate, globus pallidus, putamen, thalamuswhitd
matter sample regions of interest (ROIs) were drawn on the gnenage (all young plus all
elderly subjects) FDRI images in common SRI24 space, reformatted in the coronal plane. The
globus pallidus, putamen, caudate, and white matter sample vagve dn 10 contiguous;rhm
thick slices at an anterigposterior location that maximized the presence of all three basal ganglia
structures in the same slices. The thalamus was drawn on the next 10 contiguous slices posterior
to the basal ganglia. The aate was eroded one pixel and thalamus was eroded two pixels on a
slice-by-slice basis to avoid partial voluming of CSF. Substantia nigra and red nucleus ROIs were

also identified, based on their FDRI intensiti€ke same ROIs were also manually identifan
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the groupaverage phase data (all young and all elderly combined), reformattedaixiahplane

(61), and guided by phase conspicuityhen drawing ROIs on thehpse data, an effort was

made to exclude the bright rims around the globus pallidus and putamen as well as the division
between them. Although this approach biases the data towards more negative phase (i.e., lower
values reflecting less iron), its purpos@s to maximize the sensitivity of phase to age effects.
Thus, iron estimates were conducted on both sets of ROI identifications, thegpltestand the
FDRI-guided.

For each subject and for each ROI at each field strength, the mean intensityoskkdlin an
ROI for the earlyand lateecho EPSE were used to computgRdd R2 srand the FDRIQSM
values were computed as the magnetic susceptibility in parts per million (ppm) for all voxels
identified in each ROI projected onto each individual's QSM dataset. Thus, both FDRI intensity
and phase conspicuity were each used to guide ROI delineatioravéhege susceptibility of
splenium in each subject was used as a referenc
was preferred over taking the CSF susceptibility as a reference, as it was seen to differ
substantially between the anterior and tlsterior regions. Although the raw averages in the
splenium did not differ significantly between the young and the elderly gropms.(2 3598 f or a
regularized angg=0 . 2 0 1 Gregbilarized @SM they were larger in the elderly group than the

young group (c2%" = 0.0378 ppnand ¢! = 0.0479 ppnf o r,-regdlarized and

splenium — splenium —

¢ = 0.0297ppnand ¢’ = 0.0374ppnf o rrregdlarized QSM). This should

splenium — splenium —
induce a biasgainstobserving younglderly group susceptibility differences imetregularized
QSM reconstructions.

Statistical analysis

It was predictedin this studythat the ROI iron values would correlate positively with published
postmorteniron values(1) and with FDRI values. Comparisons of the timovivo iron indices

with each other and also with publish@dstmortemvalues were based on nonparaneetri
(Spearman) correlation§.he hypotheses that, relative to the young group, the elderly group
would have higher QSM and FDRI values in striatal and brain stem ROIs, but not in thalamic or
white matter ROlswvas testedBecausea directional hypothesewas posed group differences

were considered significantp® 0 . 0 1 2 5-tailed, familywise Bonferronicorrected pvalue
ata=0.05 for 8 measures. All measurements were conducted twice: once witlgEidBd ROI

identification, and once with phag@ided ROI identification.
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3.3 Results
3.3.1 Correlations of FDRI and QSM values with postmortem iron concentrations

Fig. 3.4 presents the mean = SD iron concentration deternpostinortenin each ROI(1) on

thex-axis and the mean + SD FDRI values T ST e s | aregalarized @SM values in ppm for

young plus elderly subjects on tlyea x i s . The cor r-eedumrizeddQs® andet we en
postmortem(Rho= 0.881,p= 0. 01 9 8) ;reguagzedv@S& mngastmortemRho =

0.881,p = 0.0198), and between FDRI apdstmortemron indices Rho= 0.952,p =0.0117)

were high.

020 L1 (axial) vs. Postmortem . FDRI (axial) vs. Postmortem
“7 Rho=.881, p=.0198 7 Rho=.952, p=.0117
5
0.15 4 putamen $g!obus pallicus globus pallidus
a— J—
g ..t_q 4 putamen
3 caudate, -4 | | red nucleus
poof el : T
Q II T red nucleus 2 caudate s nigra
b —n
- ]
0.05 - dentate nucleus ) L. §qnialo nucleus ® Yeung (N=11)
1thalamus i o Eicedy (N=12)
fronlal n Al subjects (N=23)
wm fronta
wm
0.0 T T T T T 1 1 T T T T T 1
] 5 10 15 20 25 0 0 5 10 15 20 25 30
Postmortem Postmortem

Fig. 34. X-axis: Mean % SD iron concentration (mg/100 g fresh weight) deternpiogitnortem

in each ROI(1). Y-axis: Mean = SD&-regularized QSM in ppnleft) and FDRI in 5/Tesla

(right) indices in all 23 subjects (black squares); the gray circles indicate the mean of the young
group, and the open circlaglicate the mean of the elderly group.

3.3.2 Correlations between in vivo QSM and FDRI iron concentration metrics

To investigate the consistency between the iron concentrations predicted by the two QSM

methods and FDRLEhe three metrics in each RB¢longing to the 23 subjectgere correlated

The correlation parameter s ;reguthrizedaQSM and FDRb N g agr €
(Rho=0.976,0=10.0098) (Fig35) and pregtulavizzé QSMaand FDRRHho= 0.976,p

= 0.0098) (not shown).
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L1 vs. FDRI (N=23) L1 vs. FDRI (Young, N=11) L1 vs. FDRI (Elderly, N=12)

0.20 4 Rho=.976, p=.0098 0.20 Rho=.857, p=.0233 020 Rho=.952, p=.0117
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§ ad nucleus g putamen p—09—| g —-Lt red nucleus
S " s s nigra
= 0.10 4 ’ nigra < 010 T L red nucteus 2 ] A
@ putamen @ W ——{ s nigra @ caudate
g J_ l caudate aQ caudalepsy = Q
< - S
pri = — E denlate nucleus
0.05 | l dentate nucleus 0.05 < ' 0.05 4 dsnla!a nucleus
e -1 thalamus
J-ha lamus . '—_l mus
. onla fronw
0.00 - renta 000  wm 0.00
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Fig.3.5.Corr el ati on b eteguaezad QSND R$ults am the re&gions of interest.
Results indicate strong relationship between the two metiRius+0.976,p = 0.0098). Left: all
23 subjects; middle: young group; right: elderly group.

3.3.3 Age differences in regional iron concentration: QSM and FDRI

All ROI and statistical analyses were conducted on both pisided and FDRguided ROls.

Based on the initial FDRI data analysis, which reported lack of consistent cerebral hemisphere
agymmetries across irerich structureg35), all analyses herein used bilateral data, expressed as
the meanof the left and right measures for each RQalfle 1) The three methods produced

essentially the same results. Atest andp-values are presented in Table 1.
3.3.4 Age differences identified with regularized QSM

Analysis of the QSM results indicat¢hat the elderly group had significantly more iron than the

young group in striatal regions efant-hogm put amen
regularized results. Even though the elderly tended to have more iron in the caudate nucleus than
theyoung, the difference was not signigdnegaadt in e
regularized QSM values indicated significantly more iron in the elderly than young group in the

red nucleus and substantia nigra, but not the dentate nucleus. fhey except;si on was
regularized substantia nigra results on the plgagded ROIs, for which the group difference was

not significant using famikwise Bonferroni correction

Average susceptibility values in the thalamus tended to be lower ildbdy relative to the
young (indicating less iron in the elderly group) for both types of regularization, and this
di fference wa,normsrregylarized Q8Maumder phagaided &ROls. Likewise, the
elderly had smaller susceptibility valuestire white matter sample, but the difference was not

significant (Fig.3.6).
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Table 1a. Mean (£SD) of each measure by region for each groug:regularized QSM
results usingphaseguided ROIs and FDRIguided ROls

Region &;-regularizedQSM (ppm),phaseguided ROIs a;-regularizedQSM (ppm), FDRiguided ROIs
Young Elderly t(elderly>young) Young Elderly t(elderly>young)
(N=11) (N=12) (N=11) (N=12)

Frontal WM 0.0367 0.02982 t=71 0. %505 0.0349 0.0275 t=10.9182
(0.0187) (0.0251)  p=0.2307 (0.0190) (0.0194) p=0.1844

Thalamus 0.0464 0.0220 t=12.1336 0.0420 0.0208 t=11.8805
(0.0230) (0.0129) p=0.0224 (0.0210) (0.0317) p=0.0370

Caudate 0.0937 0.1033 t=0.9689 0.0763 0.1038 t=2.1970
(0.0189) (0.0274)  p=0.1718 (0.0224) (0.0356) p=0.0197

Putamen 0.0779 0.1233 t=3.8807 0.0683 0.1134 t=3.5777
(0.0188) (0.0343)  p=0.0004 (0.0205) (0.0369) p=0.0009

Globus Pallidus 0.1224 0.1472 t=2.5420 0.1422 0.1961 t=4.9807
(0.0200) (0.0261)  p=0.0095 (0.0172) (0.0318) p=0.0001

Substantia Nigra 0.0820 0.1113 t=2.0712 0.1045 0.1524 t=3.0319
(0.0299) (0.0372)  p=0.0254 (0.0426) (0.0331) p=0.0031

Red Nucleus 0.0933 0.1473 t=3.2568 0.0927 0.1435 t=2.8404
(0.0379) (0.0413)  p=0.0019 (0.0395) (0.0458) p=0.0049

Dentate Nucleus 0.0693 0.0595 t=1 1.000¢ 0.0544 0.0487 t=10.%57083
(0.0151) (0.0292) p=0.1643 (0.0174) (0.0225) p=0.2550

p-values are 2ailed. Numbers in bold indicate significant differences, familye Bonferroni corrected based on one

tailed directional hypotheses, requirip@. 0. 0125

for 8

comparisons.

#Negativet values indicate a group difference with the elderlyimgless iron than the young.

Table 1b. Mean (£SD) of each measure by region for each group:regularized QSM
results usingphaseguided ROIs and FDRFguided ROls

Region a-regularizedQSM (ppm), phasguided ROIs &,-regularizedQSM (ppm), FDRIguidedROls
Young Elderly t(elderly>young)  Young Elderly t(elderly>young)
(N=11) (N=12) (N=11) (N=12)

Frontal WM 0.0240 0.0191 t=710. 8163 0.0228 0.0187 t=10.%029
(0.0146) (0.0143) p=0.2118 (0.0156) (0.0124) p=0.2449

Thalamus 0.0388 0.0155 t=12.738 0.0344 0.0139 t=712.383931
(0.0214) (0.0194) p=0.0061 (0.0199) (0.0211) p=0.0131

Caudate 0.0814 0.0897 t=1.1032 0.0653 0.0888 t=2.2814
(0.0164) (0.0195) p=0.1412 (0.0211) (0.0276) p=0.0166

Putamen 0.0677 0.1101 t=4.7501 0.0568 0.0976 t=4.3091
(0.0168) (0.0248) p=0.0001 (0.0176) (0.0264) p=0.0002

Globus Pallidus 0.1069 0.1341 t=3.0833 0.1221 0.1740 t=5.1724
(0.0188) (0.0233) p=0.0028 (0.0153) (0.0298) p=0.0001

Substantia Nigra 0.0656 0.0939 t=2.5812 0.0832 0.1210 t=3.0743
(0.0280) (0.0246) p=0.0087 (0.0354) (0.0227) p=0.0029

Red Nucleus 0.0740 0.1184 t=3.2024 0.0738 0.1141 t=2.6751
(0.0333) (0.0331) p=0.0021 (0.0339) (0.0379) p=0.0071

Dentate Nucleus 0.0570 0.0509 t=10.916%F 0.04314 0.0400 t=10.%5076
(0.0137) (0.0178)  p=0.1850 (0.0146) (0.0147) p=0.3085
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L1-QSM (ppm)

Table 1c. Mean (xSD) of each measure by region for each groUpDRI results usingphase
guided ROIs and FDRIguided ROIs

Region FDRI (s%/Tesla), phasguided ROIls FDRI (s%Tesla), FDRiguided ROIs
Young Elderly t(elderly>young)  Young Elderly t(elderly>young)
(N=11) (N=12) (N=11) (N=12)
Frontal WM 2.02 1.545 t=1 2.8643 2.0732 1.5976 t=11.8535
(0.3268) (0.4522)  p=0.0093 (0.6149) (0.6144) p=0.0779
Thalamus 2.331 1.698 t=12.%712 22635 1.6767 t=12.%115
(0.5172) (0.6105) p=0.0143 (0.5353) (0.6229) p=0.0251
Caudate 2.531 3.198 t=2.1812 2.5384 2.9789 t=1.3198
(0.4752) (0.9042)  p=0.0407 (0.3842) (1.0421) p=0.2011
Putamen 2.954 3.904 t=3.7284 2.8900 3.9732 t=4.1820
(0.4282) (0.738) p=0.0012 (0.4137) (0.7612) p=0.0004
Globus Pallidus 4.223 4.497 t=0.8642 4.8961 5.5338 t=1.9285
(0.5178) (0.9267) p=0.3972 (0.4369) (1.0121) p=0.0674
Substantia Nigra 3.225 3.421 t=0.4804 3.1479 3.9619 t=2.0290
(0.9541) (0.9988) p=0.6359 (0.9576) (0.9641) p=0.0553
Red Nucleus 3.268 3.932 t=1.7415 3.1284 3.99916 t=2.5240
(0.9763) (0.8528)  p=0.0962 (0.8765) (0.7634) p=0.0197
Dentate Nucleus 2.41 2.533 t=0.3546 2.0137 1.9244 t=-0.3637
(0.7971) (0.8682) p=0.7264 (0.5972) (0.5801) p=0.7196
L1-QSM L2-QSM
0.20- 0.20-
: * [ ] ::.:.: :
; T T _ 0.154 * : * )
e : A
) g 0.10 4 i 1
0.00 L l l I 0.00 = l l l
< & - &% & & o \\b’j’ & \$\'ﬁ‘ ,\6\06, oe{s;.z &u." ‘\\Q@ ‘}m‘@ \\9& }@a
Q@v@ «(\’5}5‘ (}\‘)6 QS‘Q’& ‘9‘\ b(\é' Qfs ?“\J,. Q@(\{b ‘\‘\,~‘\~ & @ @ ) c{\‘\e \{’Qe “\Q‘\J
@ §° (&-"‘\ ¢ Gs')e ,’(v
& f )
#p<.05, 22 p<.01, 222 p<.001, s22= p<.0001 elderly »young (2-tailed)
% p<.05 young>elderly(2-tailed)
Fig. 3. 6. Mean N S. E. M. of average swysceptibil

regul ar i z e d-regul8rived Q$My pottompfor each ROI in the young and elderly
groups.
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3.3.5 Age differences identified with FDRI

The elderly group had a significantly higher FDRI than the young group in the putamen but not
the caudate nucleus or the very iich globus pallidus. Although the elderly tended to have
higher FDRI values inhie red nucleus and substantia nigra, the differences were not significant;
the groups did not differ significantly in FDRI of the dentate nucleus. By contrast, the FDRI
values in the thalamic and white matter samples were significantly lower (indicategsofon)

in the elderly than the young group.

3.4Discussion

This study presented regularized QSM methods with two different choices of regularization,
name ] &n danodm penalties, for quantifying susceptibiligeighted imaging data, and
established their ability to measure iron concentration in regional striatal and brain stem nuclei of
young and elderly adults. Thie vivo estimates of regional iron concentratioomported well

with publishedpostmortemmeasurement¢l), with both approachesiglding the same rank
ordering of iron concentration by brain structure, from lowest in white matter to highest in globus
pallidus. Further validation was provided by comparison ofinhévo measurements, the two

QSM methods and FDRI, which again yialdgerfect rank ordering of iron by structure. The

final means of validation was to assess how well @a&fvo method detected known agelated
differences in regional iron concentrations measured in the same young and elderly healthy
adults. Results fm all three methods were consistent in identifying higher iron concentrations in
striatal and brain stem ROIs (i.e., caudate nucleus, putamen, globus pallidus, red nucleus and
substantia nigra) in the ol der ftrégalarized reseltsyoung g
for the substantia nigra averaged under plgasged ROIs, QSM values in the globus pallidus,

red nucleus and substantia nigra were significantly larger in the elderly than the young based on
both FDRtand phasg ui d e d R Qodr & regunzatign. Fér the FDRI metric, significant
difference was observed only in the putamen for FRRY phasguided delineation. Therefore,

QSM appeared more sensitive than FDRI in detecting age differences in brain stem structures by
producing mub smallerp-values in the statistical tests. Although both measurement approaches
identified the globus pallidus as being the most-iich structure regardless of age, only QSM
found that the concentration in the elderly was significantly higher thannttiae young adults.

The average susceptibility value in the globus pallidus of young subjects has been reported to be

around 0.20 ppm by several groups, €4,62) (taking CSF as reference, with isotropic voxels),
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which is | arger than the group aytaingsglenemr eport e

as reference) . This difference might stem from averaging across subjects and partial volume

issues considering the 2.5 mm slice thickness used in data acquisition.

The two regularized QSM methods produced iron concentration estic@tsistent with the
well-established FDRI metric. In addition to yielding strongly correlated results to both FDRI and
postmortendata, the susceptibility mapping approach possesses several other favorable qualities.
First, the data acquisition step f@SM is completed at a single field strength, whereas
acquisitions at two field strengths are required to compute the FDRI values. Working at a single
field strength also eliminates the need for spatial registration, and thus a potential source of
measurem@ error. Second, the susceptibility maps estimated with the QSM algorithms have a
higher spatial resolution than the FDRI images. This has the additional benefit of enabling the
guantification of vessel oxygenation ratios, because the individual veagdi® clearly resolved
in the produced maps. However, the presented QSM algorithms produce relative maps of tissue
susceptibility, which requires the selection of a reference susceptibility value for absolute
guantification. In this studythe average seeptibility of splenium in each subject was taken as
reference, but a point to note is that white matter samples have been reportedanisavepic
susceptibility(63), i.e., their susceptibility values depend on the orientation relative to the main

magnetic field.

The regularized QSM algorithms can be considered a refimeafethe pioneering work by
Haacke (34,41,42) on SusceptibilitpWeighted Imaging (SWI), which estimates local iron
concentration by inspecting the changes in gragiehb image phase. Because the background
phase constitutes the major part of the observed phasep&sghfiltering is applied to obtain an
estimate of the phase accrued by the tissue iron while removing the-stwigg background

effects. Although practical, filtering also removes some tigbiase informatior48).

The proposed method addresses this problem by using an optimization approactimeaited
fitting (48) that estimates and subtracts the background phase without affecting the tissue phase.
In addition to yielding higlguality tissue field maps, dipole fitting only requires the solution of a
leastsquares problem, which can be done using a variety of gtadieconjugate direction
optimization methods. As opposed to the Higlss filtering approach, which requires optimal
selection of filter size, and polynomial fittirigatdepends on the order of the polynomial, dipole
fitting contains no parameters thaged tuning. On the other hand, hjggss filtering methods are
dramatically faster than iterative optimization methods employed in the dipole fitting approach.

In addition, rather than relying only on the image phase, which produces a spatially distorted
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measure of tissue iron concentration, the proposed method solves for the underlying paramagnetic
property of the tissue and produces a regularized measusevdifich in turn is a sensitive

estimate of iron concentration.

Other susceptibility mappinglgorithms have demonstrated robust results. An elegant
approach byschweser et al. (201&stimated the distribution without employing regularization.
This approach, however, requires data to be acquired at three different orientations with respect to
the main magnetic field, thereby providing challenges to subjects in terms of scan time and head
positioning and challenges to p@stquisition processing in terms of spatial registration. Another
influential QSM algorithm using regularization was introcidy de Rochefort et al. (2010) and
it forms t hegulrZedimethod disedtinhoer waérk. After obtaining the tissue field
map by solving a least squares problem similar to the dipole fitting formulation of Liu et al.
(2010), this QSM algorithnp | ac e s a , nomni pgnalty erdthe dspatial gradients cof
However,posing the reconstruction problem with@morm penalty that promotes sparsity in the
spatial gradient domain of the susceptibility distributinay bea better fit to the nature of the
problem. As the susceptibility kernel effectively undersamplek-gpace of the tissue field map,
the inversion problem is inherently an undetermined system similar to the one encountered in
the compressesensing iterature(54). The demonstrated ability of sparsibducing priors in
undersampl ed i mage r;amam ansexcellent dandidate fomsukcepsbility h e
mapping(64), and thed;-regularized algorithm inthis study parallels this effortAn interesting
comparison in(62) between thé,-regularized approach similar to that(df) against a multiple
orientation reconstruction strategliould also be notedhese results indicate thégtregularized
singleorientation susceptibility maps yieldton estimates of quality comparable to those

calculated using data acquired at multiple orientations

3.5Fast &-regularized QSM

This sectionpresents a solution to the regularized QSM formulation that is computed in less than
5 secondswhich yields the exact minimizer of the optimization problem unlike-tioresuming
iterative methods. The proposed meth®dtraightforward to implement arwn be coded in a
single line of Matlab code. Results are presented on a numerical phantonmkneitm

susceptibility and on in vivo data
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3.5.1 Methods

JH-regularized reconstruction involves the minimizationss E1TAds | ks, as
introduced in Eqg. (3.7). The minimizer can be evaluated in clfisat by taking the gradient and
setting it to zero,
F ETAE 1 ET¢  ETAH (3.10)
Eq. (3.10)can be computed efficiently given that the matrix inversion is rapidly performed.

The gradient along theaxis can be expressed as

€, ETAE (3.11)
where?, is a diagonal matrix with entri€A, '8Q p < Y AT which is thek-
space representation of the difference ope] 1 . Here, O is thek-space index an( is

the matrix size along x, ar¢, and¢ , are similarly defined. With this formulatiothe closed

form solutionbecomes,

F ETAA T A A A (3.12)
The total cost is two FFTs and multiplication of diagonal matrices. For comparison, the
objective function is minimized iteratively using nonlinear conjugate gradient (§G)00 CG

iterations were used for all results. Experimemse performed on two datasets;

i.  The first set is a numerical phantom witlt@mpartments (gray and white matter, CSF).

Within each compartment...is constant and equal t- =7 0. C.""=0.027,
=1 0. 0 1(85. phe fireld mag#t (Fig.3.7a) is computed from the ground trut

map using the forward dipole model and Gaussian noitde peakSNR = 100 was
added, so that the normalized RMSE of the noisy field map was 5.9% relative to the noise
free phasd was chosen to minimize the RMSE in the reconstru-texhd was found to
be T ¢lp . The same ! was used for both the closed form and iterative
reconstructions.

ii. The second dataset is a 3D SPGR on a healthy subject at 1.5T with resolution
0.94x0.94x2.5mrhand TR/TE = 58ms/40ms. Background phase 88g) was removed
using dipole fitting(48). T  p® Zp 1. was chosen based on thelrve heuristic. Data

were zergpadded to twice the size to avoid aliasing with circular convolution.
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3.5.2Results

Fig. 3.7 shows closedorm QSM reconstruction and the error relative to the greuut - for

the numerical phantom. Using Matlab running on a standard workstation, the proposed method
took 3.3 seconds and yielded 17.4% RMSE, while the iterative algorithm 838 &rror in 65

minutes.

In vivo reconstruction results are presented in Big§, where the processing time was 1.3

seconds for the proposed method and 29 minutes for the iterative CG algorithm. The difference

between the closefibrm and iterative alutions was computed to be 0.3% RMSE, and is depicted

at250timesscalingin Fig.3.&.

Numerical Phantom with 3 compartments

(a) Noisy field map, error due to noise: 5.9% RMSE  JalI6N013Hpm

OQSM Method Recon Time| 1for relativetot r u
Closedform (proposed) 3.3 seconds] 17.4% RMS
Iterative (100 iterations) | 65 minutes 18.0% RMSI

Fig. 3.7 Reconstruction experiment for the piesise constant numerical phantom with 3
compartments. (a) Noisy field map from which the susceptibility is estimated. (b) Gtoerd

QSM solution. (c) Difference betwegnound trutheand closedorm reconstructions.
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| InVivoQSMat1.5T |
(a) Tissuefield map N0 04ppm

(c) Closedform and Iterative QSM difference 2'A

QSM Method Recon Time
Closedform (proposed) | 1.3 seconds
Iterative (100 iterations)l 29 minutes

Fig. 38 In vivo reconstructionat 1.5T. (a) Tissue field map obtained after removing the
background phasé€b) Closedform QSM solution. (c) Difference between iterative and clesed
form solutions

3.5.3 Remar kgegdanized QS Fast a

The proposed closedrm solution is demonstrated to yield much faster and more accurate results
than its iterative counterpaifhis QSM solver is expected to facilitate online reconstruction of

susceptibility maps

3.6Conclusion

Herein are presented twegularized Quantitative Susceptibility Mapping algorithms, employing
& a n @ nodem regularization, which successfully remove background phase effects via dipole
fitting and solve for the tissue susceptibility distribution via convex optimization. The
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performance of these algorithms was favorable when compared with other publisieoland
postmortemestimates of regional tissue iron concentrations. Because the accumulation of iron in
the brain can have untoward effects on motor and cognitive funntioormal aging38,39) and

can be disproportionately greater in degenerative dis¢@662), quantitative assessment of this
accumulation has the potential of providing a tool for monitoring or even diagnosis. The
robustness, practicality, and demonstrated ability of predicting the chamgs ideposition in

adult aging suggest that the presented QSM algorithms using -Beidlstrength data is a
possible alternative for FDRI tissue iron estimation requiring two field strenBtirther, a
closed form expression fod,-regularized QSM is eveloped, which leads testimation of
susceptibility maps within seconds.
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Chapter 4

Lipid Suppression in Chemical Shift Imaging

MappingH brain metabolites using chemical shift imaging (CShamperedy the presence of
subcutaneous lipid signals, which contaminate the metabolites by ringing due to limited spatial
resolution. Even though C$it spatial resolution high enough to mitigate the lipid artifécts
infeasible due tcsignalto-noise SNR) constraints on the metabolitethe lipid signals have
orders of magnitude higher concentration, which enables the collection efelsigjation lipid

maps with adequate SNR. The previously propaseddensity approach exploitsisthigh-SNR
property ofthe lipid layer tosuppress truncation artifacts using higisolution lipid maps.
Another recent approach for lipid suppression makes use of the fact that metabolite and lipid
spectra are approximately orthogonal, and seeks sparse metabolite spect@ojduted onto
lipid-basis functionsThe presenwork combines and extends the ddahsity approach and the
lipid-basis penalty, while estimating the hig¢solution lipid image fron2-averagek-space data

to incur minimal increase on the scan time.tkeir the spectrabpatial sparsity of the lipid rinig
exploitedto estimate it from substantially undersampled (acceler&ioriO in the peripherai-
space)2-averagen vivo datausing compressed sensing, and improved lipid suppression relative

to usng dualdensity or lipidbasis penalty alone is stilbtained

4.1 Introduction

The spatial resolution in proton spectroscopic imaging is constrained by the low SNR of the
metabolite signals and the total scan time required for encoding in both cheghificahd space.

Poor spatial resolution with impulse response functions of either square or chkagace
sampling leads to significant spatial ringing artifacts, which in the case of large and undesirable
signals from subcutaneous lipid layer in dpescopic imaging of the brain can significantly
contaminate the desired metabolite spectra throughout the brain. Considering that the lipid signals
are several orders of magnitude stronger than the biochemical spectra, the diagnostic quality of
spectroscpic data is severely limited if the truncation artifacts are not mitigated by some means

of lipid suppression.

83



Standard means of lipid suppression include ewdrme suppression (OVS[73-75),
inversion recovery76-78), and selective braianly excitation(79,80). Although these methods
provide effective artifact reduction, their inevitable tradeoff and common drawback is the
associated loss of brain metabolite signals, either through signal loss in peripheral brain regions
(e.g. OVS, PRESS) or throughout the brain (IR). Another proposal for lipid artifact reduction is to
acquire CSI data with a variable sampling density pattern and applyotiRal apodization in
thek-space to reduce the sittibes of the point spread functi¢dl). Optimal filters specifically
designed to reduce the lipid contamination inside the brain yield further improvement @ver th
variable density approadi82). An alternative approach acquires higisolution lipid maps in
addiion to highly oversampled, lowesolution CSI data. This dudénsity method(83-85)
exploits the fact that the lipid signals have high SNR, so areigblution lipid estimate can be
obtained with adequate SNR for subsequent processing, which includes spatial lipid masking and
combination with lowresolution CSI data. Anber research direction involvek-space
extrapolation with prior knowledge of spatial boundaries of the b{@@87). In particular,
effective lipid suppression is demonstrated at a relatively short TE of 50 f8)inA yet
different method of lipid suppression was recently propd88uby relying on the approximation
that the metabolite and lipid spectra are orthogosad, seeks sparse metabolite spectra when

projected onto lipiebasis functionselectedrom the lipid layer

The present work combines and extends the-deasity approach and the iterative lilidsis
reconstruction. A method to estimate the higbolution lipid image from-averagek-space data
in fast spiral CSl is proposed andnatenstrated, wherein these data are combined with the low
resolution CSI image while imposing the ligidsis penalty. This way, the truncation artifacts are
substantially reduced at the expense of minimal increase in total scan time. This method is then
refined by incorporating the observation that the higdolution lipid ring is sparse in both space
and chemical shift. This leads to successful recovery of the lipid image via compressed sensing

(4,6) using highlyundersampled peripheralspace data.

To demonstrate the performance of the proposed methods,-sliecglehighresolution (0.16
cc) CSI data were acquirad vivo at 3T with 20 a@erages, requiring 33 min of scan time.
Applying the lipidbasis penalty to this higlesolution data yielded virtually artifafriee spectra,
which were taken to be the gedtindard results. To apply the basic method with fsgignpled
lipid data, 20 aveages of lowresolution (0.56 cc, corresponding to 10 min of scan time) CSI data
were combined with 2 averages of higisolution data while imposing lipidlasis penalty, and

reducedartifact metabolite spectra were obtained with normalized RMSE (NRMS&EB o in
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the NAA maps relative to the gektandard reconstruction. However, using the ipigis

penalty approacli88) with 20 averages of 0.56 cc data yielded 41.3 % NRMSE in the NAA
maps. Moreover, using the refined method, a fégolution lipid layer was estimated via the
FOCUSS algorithng4) from 2-average, highly undersampled,{R=10 in the peripherét-space)

data, which was combined with the 0.56 cc CSI image followed by-bigsis penalty
reconstruction to yield 17.0 % NRMSE in the NAA map. By incurring only a minimal increase in
the scan time, 4-:&nd 2fold error reduction in metabolite maps assrebnstrated relative {89)

using the basic and refined versions of the proposed method, respeétivéiher, validation for

the application of undersampling and compressed sensing recovery using variable density spirals
is presented with 2bld undersampling on a synthetic phantom.

4.2 Theory

4.2.1Dual-Density Reconstruction

Let « denote thek-space representation of lewsolution CSI data, and denote thek-

space representation of higisolution data from which the lipid image will be estimated due to

. E £ (4.1)

wheree is the highresolution, masked lipid layer imagde, is a binary mask marking
the location of the lipid layer, ard is the Fourier Transform operator that samples the full
extent of highresolutionk-space. Since usually has low SNR, the masking operation aims

to select only the lipid layer and reduce the amount of noise that will propagate from the rest of
the data.

Next, the lowresolution data is combined with the hig¥solution lipid image via
° € € R « (4.2)
Here,¢ is the Fourier Transform operator that samples only the lower frequency indices
corresponding ta . Eq. 4.2 can be interpreted as extending therksmlutionk-space data

using the high frequency content of the masked lipid image, which helps reducing the ringing
artifact(83-85).
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4.2 2lterative Reconstruction with Lipid -Basis Penalty

Again starting with the lowesolution CSk-space data , the artifact reduction algorithm in

(88) aims to solve the convex programming problem

o AOC(LEl ¢ « £ 1B.g E e (4.3)
\ J \ J
1 1
data consistency lipid-basis penalty
where'E is a binary mask thandicatesthe metabolite regiorm is the spectrum at voxel

i, & i s a regul aneeds tothé detarmiped amd risethe antifacttuppressed
image After denoting he initial image with truncation artifact&ith e (where o

€ « ), alipidbasis matriXE can be formedisingthe spectra inside the lipid layer of

as column vectors. Hence, to generate the-lipslsE , the initial image with artifactes  is
masked to retain only the lipid ring voxels. Next, each lipid spectra is assigned to be a column of
the lipidbasisg . This way, the lipidbasis matrix will havé columns, where is the number

of voxels in the lipid mask, and each of its columns will be a lipid spectrund.Ethen aims to

find spectra that match the acquitedpace data, but at the same time impose the constraint that

no lipid signals arise from the brain ifse

The cost function in the iterative liploasis penalty reconstruction is composeddafa
consistencyandlipid-basis penaltyerms (E¢.3) which penalize the deviation from tkespace
samples and the projection onto the lipasis, respectivel As the cost is composed of a linear
combination of the conveXb and Jb norms, the optimization problem is an unconstrained
convex programming problem, which has the important feature that all local minima are also
global (89).

4.2.3The Basic Method: Combining 2average high-resolution data with high SNR, low
resolution data

The first proposalin this chapteris to combine the two orthogonal lipid suppression
approaches: the dudknsity method and the liplohsis penaltyAn additional assumption that
the highresolutionk-spaces« is obtained with only 2 averagés made hence it has low
metabolite SNR while having a rapid acquisition time, and that therdealution « is

acquired with multiple averages to edecent metabolite SNR. The combined image is
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then formed by the application of Egkl and4.2. Imposing lipidbasis penalty om yields
the final result,

. AOCLET e « 1B g E e (4.4)
where« E o is thek-space representation of the higisolution combined image
ande is the artifactsuppressedpectra obtained with the first proposed method. In this case,

‘E  contains the lipid spectra collected from the combined image . After maskinge  to
retain only the lipid ring voxels, each lipid spectrum is assigned to be a column of tHeakjsd
matrix'E . This way, the lipidbasis is formed by using the higlequency lipid information

present in the combined image

4.2.4The Refined Method: Combining 2average,undersampledhigh-resolution data with
high SNR, lowresolution data

Differently from the first methods now represents undersampleeh\&rage, higiiesolution
k-space data. Owing to the fact the lipid layer is sparse in both spatial and spectral disains,
section proposs to estimate it using the sparsiyforcing, iteratively reweighted leasquares
algorithm, FOCUS$4):

For iteration numbed  pf8 Y
7

7H QQOD (4.5
A AOCisat OODEA®DE: 1| A « (4.6)
o R A 4.7

Here,fj is a diagonal weighting matrix whog&diagonal entry is denoted sy, ® is the

lipid layer estimate at iteratiarwhosej™ entry isco and’E is the undersampling mask ik(k,,

k). Masking out the background yields the final lipid image estimate, E )
Now, the combined image is formed using the compressed sensafimated lipid
image,

° £ £ £ ° « (4.8)

and iterative lipidbasis reconstruction is applied as
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o AOCL EI e « 1Bwg E ° (4.9)

to yield the artifacsuppressed image . Here,« is thek-space representation of
the combined image due to« E e and'E is the lipidbasis
matrix collected from the compressed sensing reconstructed combined image. In other words,
lipid ring voxels in the combined image are selected with masking, then each lipid
spectrum is assigned to be a columrtha lipid-basis matriXE . Hence, the lipiebasis is

formed by the lipid spectra in the compressed sensing reconstructed emage, .

4 3 Methods

A healthy volunteer was scannedh@iemens 3T scannasing 32channéreceive coilwith high
spatial resolution, singlslice, constantlensity spiral CSIVoxel size =0.16cc, FO\, = 24 cm,

slice thickness = 1cnT,E =50 ms, TR= 2 s,number of averages 20, acquisition time= 33 min,
CHESSpulse appliedor watersuppression, PRES$Xx excites entire FOV, including the skull).
While the large number of averages at such high resolution made the total scan time significantly
long, it enabled the reconstruction of the artifact suppresseestgidard imageat the sanner,

this spiral acquisition was cetiombined after being gridded onto a Cartesian grid, on which all
subsequent processing was performed. The final gridded matrix siz&wls=((64,64,512)To
reduce processing times, only the frequencies beylomadvater peak were reconstructed. Lipid
layer and brain maskst RE were generatedhanuallybased on the highesolution
CSlimage. In particulaprojection of the CSI image over the lipid frequencies served as a guide
in determininy the lipid mask. Additional data were collected by using a 9X0RRESSbox to
excite the interior of the brain (voxel size = 0.5 mamber of averages 20, acquisition time=

11 min, with water suppressidnand outewolume suppression bands weraced around the

skull to null the lipid signals.

Next, the lipid suppression methods that were applied toirtheivo dataare detailed and

enumerated

i.  Lipid -basis penalty method A low-resolution, 2éaverage CSk-space« was
generated by sampling only the center-pd2l| diameter in k-k, plane

corresponding to the operator . The voxel size of this lowesolution image was
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0.56 cc (with 1cm slice thickness), corresponding to a 10 min scan. This image was

then processed using the ligidsis penalty methd@8).

ii.  Gold-standard reconstructiort To obtain the golétandardspectraa lipid image
was obtained from the higlesolution 2@average data which was masked with
E to retain only the lipid ring, and then combéthwith the lowresolution 20
average CSIl image as per the ddahsity approacfB3-85) in Eqg. 4.2 anditerative
reconstruction with lipiebasis penalty88) was applied to this combined image to
yield the goldstandard spectra.

iii. The basic method For ths method, masked higtesolution lipid image was
obtained from Zaverage highesolution data, and combined with the low
resolution 26average CSI image. Lipid basis penalty reconstruction was then

applied to this combined image.

iv.  The refined method Here the highresolution lipid image was estimated from
significantly undersampled-&verage data. In addition to the fully sampled center
32-pixel diameter k-space, the peripherak-space region was substantially
undersampledR,gn = 10). In particular, Cartgian undersampling was applied to
the gridded data in all-8imensions by generating a randoratydersampledk-k,
sampling mask at eadh sample. Higkresolution lipid image was reconstructed
with the FOCUSS algorithn) using the undersamplddspace data. This lipid
layer estimate was thecombined with the lowesolution CSI image, and lipid
basis penalty was applied to further reduce the ringing artifacts.

v. Dual-density method Finally, the dual density metho(B3-85 was applied
withoutusing lipid-basis penalty, by obtainirgmasked highesolution lipid image
obtained from Zaverage highresolution data, and combining it with the low

resolution 26average CSI image.

To provide a more practical undersampling example, a synthetically generated phantom was
also studied. ACartesian CSI| phantom was formed by using metabolite data from a spectroscopic
phantom scanned at 3T with a voxel size of 0.16 cc, and surrounding the phantam wiith

lipid spectra sampled from the -20erage, 0.16 cc human subject dataset &iy. Hence, the
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metabolite spectra in the numerical phantom are derived from a spectroscopic phantom where no
lipids are present, resulting in metabolite signals free of any lipid contamination. Also, each lipid
spectrum in the lipid layer of the numericghgmtom is unique and comes from @nvivo
acquisition where spatial variations of lipids occur naturally. No synthetic noise was added to the
numerical phantom, the only noise present is due to the acquisition of the source Sigmals.
peakto-peak NAAT lipid amplitude ratio was selected to be 1:100. Since the Cartesian phantom
demonstrates no lipid ringing artifacts by design, it also serves as thstgotthrd image. First, a
constant density spiral sampling pattern at Nyquist rate was generated tiosggptimal
gradient design toolbox90), from which spiralk-space data was generated using the-Non
Uniform FFT (NUFFT) toolbox91). Artifact suppression with lipithasis penalty was applied to
obtain a higkresolutionlipid-suppressed image based on the spisppace samples. Second, a
variabledensity spiral trajectory with Nyquist rate sampling in the first half ofktspace, and
undersampling witlR,g, = 10in the second half of thke-space was generated. Hig#solution

lipid image estimate was generated using FOCUSS algorithm with NUFFT based on the
undersampled spiral data. Next, a combined image was formed using thedalghion lipid
estimate and the fullgampled portion of thk-space iteratively. Lipithasis penalty was applied

to yield an artifact suppressed image. Finally, a-tesolution image was generated by using
only the first of the spirak-space, which was then processed with the Hijgidis penalty. The
Cartesian image without artifacts serves as a substitute for thestgaldhrdin vivo
reconstruction, the Nyquisate sampled spiral data represent ihevivo basic method
reconstruction and the undersampled spiral data stand forinheivo refined reconstruction.
Likewise, the lowresolution spiral image is intended to represent therésglutionin vivo

image with lipidbasis penalty.

4.3.1Choosingan Optimal Regularization Parameter

To choose an optimal regularization paramétiar the lipidbasis penalty that balances the data
consistency and artifact suppression, theukve approach was employésb) for the in vivo
study. After running the iterative reconstruction to compute the-gfalidard image for several
different regularization parameters, the resulting data consistency e « and

lipid-basis normsB « g E e | traced a curve from which the data point with the

largest curvature was chosen to be the optimafnalytical curvature computation became

possible by expressing the data consistency andbgéis penalty as functions bfby cubic
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spline fitting. The optimal value df p 1 that is determined from the gesandard dataset

was then used for all iterative reconstructions in this work, where the optimization problems were
solved using the conjugate gradient algorit(88). Fig. 4.1 depicts the resulting-curve and
projections over the lipid frequencies for varidusalues, as well as the curvature values at the
sample points.

In the phantom study, p 1 was taken to be the value of the regularization parameter for

all of iterative reconstructions.

(d) Curvature of L-curve
A=1073
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Fig. 4.1 The L-curve traced by the data consistency and Jh@dis penalty terms as the
regularization parametér varies. Summation over lipid frequencies for undmgularized (a),
optimally regularized (b) and oveegularized reconstructions (c) are presented. Panel (d) depicts
the analytically computed-turve curvature results for the sample points.
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4 4 Resuts

Artifact reduction performances of the five methods under evaluation, as well as spectra without
any lipid suppression are compared by taking projections over the lipid resonance frequencies in
Fig. 4.2. Highquality lipid images are obtained with tigeld-standard (20 avgh Ragh = 1,
denoting that 20 averages of hig#solution data are used without periphekaspace
undersampling, shown in Fig. 4.2a), and the basic and refined methodsi§2 Byvg = 1 in Fig.

2b and 2 avigyn, Ruigh = 10 in Fig. 2c). Iterative reconstruction with ligiésis penalty88) also
demonstrates substantetifact reduction (Fig. 2d) while not being able to completely remove
the ringing inside the brain. Using the ddainsity approacB83-85) without lipid-basis penalty

(Fig. 2e) provides partial artifact reduction relative to the-tesolution CSI image with no lipid
suppression (Fig. 2f).

Lipid maps at TE = 50 ms
(a) Gold standard (b) Proposed 1 (c) Proposed 2
20 avghigh, Rhigh=1 2 aVghigh, Rhigh=1 , 2 aVQghigh, Rhigh=10

(d) Lipid-basis pén'élt.; (e) Dual-density  (f) No lipid suppression
Fig.4. 2. Comparing the ditterent artifact reduction algorithms by taking projections over the lipid
resonance frequencies (in dB scale). Gold standard reconstruction is obtaine2Ousiuggages

of high-resolution data without peripheraispace undersamplin@0 avgign, Rnigh = 1, shown in

(a)), while the basic proposed method is obtained using 2 averages eakswgition data
without undersampling (2 amgh Rnigrh = 1, shown in (b)) and the refined proposed method uses
10-fold undersampled, 2 average higilution data (2 avg, Ruigh = 10, shown in (c)). Lipid
suppression results obtained by using only Hpédis penalty method and only dai@nsity
approach are depicted in panels (d) and (e), respectively. Applying no lipid suppression (f) results
in severely corrupted spectra.
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Fig. 4.3 validates the observation seen in Fign terms of NRMSE by comparinite lipid-
basis penalty algorithrand the wo proposedartifact reduction methods with the gedthndard
NAA map. All maps are generated by simpintegration of NAA peaks over a 37.5 Hz
bandwidth.While the lipidbasis algorithm{88) has 41.3% eor in the NAA maps relative to the
gold-standardthe basic metho®(avgign, Ruigh = 1) reduces the error by 4.9 times to yield 8.5%
error, and the refined metho@ @vg,gn Rnigh = 10) by 2 times to give 17.0% error relative to
lipid-basis penalty approach.

20 avghigh, Rnign=1 2 aVghigh, Rnign=1

K

'r‘.F' “' ."-:-",'
Ground Truth NAA NAA RMSE =8.5%

Lipid-basi_s penalty

. gt
NAARMSE =17.0% NAA RMSE =41.3%

Fig. 4.3 Comparison betweeNRMSE values of NAA maps relative to the gold standard
reconstruction.

Fig. 4.4 presents the NAA maps computed within the &x®excitation box used in the OVS
acquisition. By taking the OVS NAA images as ground truth, the relative errors were found to be
11.1% for the golestandard (20 avgn, Rnigh = 1, shown in (a)), 11.5% for the basic (20 @apg
Raigh = 1, shown in (b)) 12.9% in the refined method (20 ayg Rnigh = 10, shown in (c)) and
14.7% in the NAA map produced by the ligddsis penalty algorithm (shown in (d)).

Reconstructed spectra are also overplotted with the OVS spectra for the four methods.
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Fig. 4.4 Comparison betweeNRMSE values of NAA mapscomputed within the 9x9 ¢m
excitation boxrelative to theNAA maps obtained with the OVS methdd. (a), reconstruction

results obtained using the gedthndardZ0 avgign Rnigh = 1) method (blue) ahthe OVS spectra

(black) belonging to the region inside the red box are also overplotted. In (b), the basic proposed
method (blue) and the OVS spectra are compared. The spectra obtained with the refined method
(blue) and the OVS results (black) are ovettgld in (c). Lipidbasis penalty and OVS spectra are
compared in (d).

Figs. 4.5 and 4.6show the performances of the lididsis algorithm (88), the proposed
methods and the goeftandard reconstruction by comparing representative spectra in the vicinity
of two sides othe skull.Panels a, b and c Figs. 4.5 and 4.@®verplot the spectra from the geld
standard withlipid-basismethod(88), the basic method(2 avggh, Ruigh = 1) and therefined
method(2 avgign, Raigh = 10), respectively.

Lipid suppression experiment performed with the synthetic phantom is depicted in Fig. 4.7.
Panel a depicts the NAA and lipid maps from the Cartesian, affitsciphantom andhcludes
spectra free of contamination. In panel b, lipakis penalty is applied to the phantom that was
sampled on a spiral trajectory at Nyquist rate, to yield 41.9% error in the NAA map. In ¢, lipid
suppression results with undersampled spiral trajgete presented. In this case, NAA map was
recovered with 41.7% error. Panel d depicts the performance oblgid penalty method when
thek-space was sampled at half of the full resolution to yield 104.1% NRMSE in the NAA map.
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(a) Lipid-basis penalty vs. gold-standard

b il o mldan s Al
sk Mo b e A stk
sl s bl ml o, il Al
" il by M A Al

A D st M s b e, A

(b) Proposed 1 (2 avggp, Rygn=1) vs. gold-standard
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(c) Proposed 2 (2 avggp, Ryign=10) vs. gold-standard
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Fig. 4.5. Comparison ofpectra inside the region of interest marked with the red box that were
obtained with different lipid suppression methods. In (a), reconstruction results obtained using
lipid-basis penalty method (blue) and the gstigihdard recongiction (black) are overplotted. In

(b), the basic proposed method (blue) and the-gi@ddard spectra are presented. The spectra
obtained with the refined method (blue) and the gtéshdard results (black) are plotted in (c).
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(b) Proposed 1 (2 avgygp, Rygn=1) vs. gold-standard
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(c) Proposed 2 (2 avgygh, Rygn=10) vs. gold-standard
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Fig. 4.6. Comparison obpectra inside the region of interest marked with the red box that were
obtained with different lipid suppression methods. Panel (a) overplots reconstruction results using
lipid-basis penalty method (blue) and the gsti@ndard reawstruction (black). In (b), the basic
proposed method (blue) and the getedndard spectra are compared. The spectra obtained with
the refined method (blue) and the gstdndard results (black) are depicted in (c).
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Fig. 4.7. Lipid and NAA maps and artifadtee spectra for the Cartesian synthetic phantom are
shown in (a). In (b), spiral sampling trajectory at Nyquist rate and reconstruction results upon the
application of lipidbasis penalty are depicted. Using the undersaigéal trajectory in (c), a
high-resolution lipid image was estimated using FOCUSS, from which a combined image was
computed due to the dudénsity method. Finally, lipithasis penalty was applied to this
combined image. Panel (d) shows lipid suppressésults when thi&-space is sampled only at

half of the full resolution and lipithasis penalty is applied. For the three reconstruction methods,
the example spectra (plotted in blue) belong to the region of interest marked with the red box, and
are oveplotted with the artifactree spectra (in black) for comparison.

The total reconstruction timdor the in vivo dataset was 7 mifor the iterative lipidbasis
penaltyalgorithm and 4 min for compressed sensing reconstruction of thedsgghution lipid
image with the FOCUSS algorithm anworkstatiorrunning Matlabwith 48 GB memory and 12
processors.
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45 Discussion

The dualdensity method makes use of the fact thdicsitaneous lipid signals have several orders

of magnitude higher amplitudes than the brain metabolites, which enables their estimation from
singleaverage, highiesolution data. In this study, the higésolution lipid images had a voxel

size of 0.16 ccwhile the previous implementations of the ddahsity method enjoyed a smaller
voxel size (128128 matrix size in85) and 0.076 cc voxels with 12828 matrix size in(83)).
Naturally, the duatensity method is expected to perform better with increased lipid image
resolution, however at the cost of increased scan time. Since thdethsitly idea constitutes an
important part of the proposed methods, their perémces are also expected to increase when
even highermesolutionlipid priors are available. The optimal selection of the higgolution

voxel size to balance the impact on total scan time and lipid artifact reduction remains an open

problem.

In the current work, selection of the lipid mask was performed manually, with the guidance of
the projection over lipid resonance frequencies. The brain mask was then assigned to be region
remaining inside the lipid mask. A more elegant approach ocasivim a pilot structural scan
acquired at the same resolution as the lipid image, which can be then segmented (e.g. using
FreeSurfe92)) to yield the skull and brain regions. A similar idea was also implesden(88).

A similar approach that also restricts the space in which the metabolite signdés isebiy
Eslami and Jacol@3), wherethe spectrum at each voxel is parameterized as a sparse linear
combination of spikes and polynomials to capture the metabolite and baseline components,
respectively. Their elegant method is a holistic framework that performs fieldongpensation,
noise reduction and lipid artifact reduction simultaneously. In particular, their lipid suppression
performance was seen to be comparable with extrapolation mg8®d$he methodsproposed
hereinvolve no parametric signal modeling, but they simply minimize projection onto lipid
spectra. Henca, t mi ght be possible to combine Es!| ami ar

theproposed schemes to further refine the metabolite spectra.

The L-curve analysis employed for selecting an optimal regularization parameteealed
that the operating points on the curve map virtually to the same point for a wide range of
parameters (Fig. 4.1). In particular, the data consistency increases only 0.05 % and the
regularization decreases only 3.8 %} ascreases fronp 11 to p 1. Hence, if a slightly over
regularized reconstruction is acceptable, the selectiont aloes not pose a problem as the

reconstruction results are insensitive to its selection.
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From a sequence design point of view, thdirfBensional Cartesian undengaling pattern used
in thein vivo dataset will not be feasible within the spiral CSI framework, as the samples were
randomly removed in the Cartesiirspace of thegridded CSI data. Design of undersampled
trajectories that will make the refined methoddible forin vivo acquisitions is under progress

with initial results reported i(94).

Lipid suppression results obtained with the sgtithphantondemonstrate the feasibility of
spiral undersampling. Relative to the conventional,-tesolution spiral reconstruction in Fig.
4.7d, the example spectra obtained with undersampled spirals in Fig. 4.7c exhibit substantially
reduced lipid ringing artifacts in the wnity of the lipid ring. Relative to the Nyquist rate spiral
reconstruction, compressed sensing reconstruction witfoldOaccelerated spirals yielded
comparable NAA maps and spectk&hile the current work focused on undersampled spiral
trajectory, othefamilies of readout trajectories can be deployed in the proposed scheme, e.g. a
trajectory that continues along the tangent of the spiral at the end of thredoltionk-space
(spiral+radial).

In vivo reconstructions at TE = 50 ms with the basid afined methods exhibit successful
artifact suppression in the cortical region (Figs. 4.5 and 4.6). Relative to thetgotthrd
reconstruction (20 aygn Rign = 1) corresponding to a 33 min scan, the proposed methods
yielded comparable NAA maps (Fig.3) with substantial savings in the imaging time. While
using the lipidbasis penalty at 0.56 cc voxel size (corresponding to a 10 min scan) gives effective
lipid suppression, the presence of residual lipid artifacts is visible in the lipid and NAA maps
(Figs. 4.2 and 4.3) and the cortical spectra (Figs. 4.5 and 4.6).

For additional validation, the reconstruction methods were also compared with a commercially
available lipid suppression method, OVS. Taking the NAA maps obtained with OVS as ground
truth, the four methods, namely, galthndard (20 avgh Ruigh = 1), basic (2 avgn, Raigh = 1)
refined (20 avgg, Rngh = 10) and lipidbasis penalty, yielded similar fidelity where the gold
standard gave the smallest error (11.1%) and the-biggd penalty method had the largest
mismatch (14.7%). Since the OVS method is obtained by exciting a %8oennside the brain
surrounded by suppression bands to null the lipid signal, the comparison is limited to the interior
of the brain where the lipidnging artifacts are milder than the periphery of the cortex. It is seen
that the spectra reconstructed with the lipabis method still demonstrate residual artifacts while
the proposed methods are free of lipid ringing (Fig. 4.4). To compute the RidiaEge to the

NAA map obtained from the OVS acquisition, all methods were maskliedpace to match the
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resolution of the OVS scan and the mean intensities of the NAA images were scaled to match the

mean intensity of the OVS map.

Relative to the lig-basis penalty metho@8), the drawback of the proposed basic algorithm
is the additional scan time required for collecting the periptkesphce information. The refined
method addresses this problem by aggressively undersampling thedfigbe and exploiting the
spatial and pectral sparsity of the lipid ring. While this entails an additional iterative
reconstruction step for the FOCU®S algorithm, the computational requirements of the refined
method is not prohibitive foin vivo applications, taking only 11 min of processing time on a

workstation.

The validity of the approximation that lipid and metabolite spectra are orthogonal is
demonstrated in Figl.8. All lipid spectra inside the lipid mask were selected from the 33 min, 20
averagdn vivo scan (578 lipid spectra in total), and all metabdjpectra were chosen from the
in vivo OVS acquisition (521 metabolite spectra in total). For each lipid spectrum, the parallel
and orthogonal components of each metabolite spectrum were computed. Based on this, the
worst and best case situations were fified, where the ratio of energy in the parallel and
orthogonal components were highest and lowest, respectively4.Bag.overplots the lipid and
metabolite spectra in the best case scenario. Even though the NAA peak completely overlaps with
the lipid sgnal in resonance frequency, the component of the metabolite spectra parallel to the
lipid signal has almost no energy compared to the orthogonal componemt.8€ighows the
worst case scenario for the lipid and metabolite spectra with the least dégrédsogonality. In
this case, parallel and orthogonal components have comparable signal energy. When averaged
over all lipid and metabolite spectra, the ratio of parallel component energy to orthogonal
component energy was 15.6%, showing that the oothalgy assumption is a reasonable one in

practice.

Limitations of this study includéhat,

i.  No BO-correction was employed in pgstocessing, but simply the data acquired at the
scanner were used as input to the proposed lipid suppression méthed=ore more
refined metabolite images can be obtained when local BO shifts are taken into account,
e.g. Fig. 2 in(95) and Fig. 3 in(77).

ii.  The practicalmplementation of the dualensity method is considerably challengibgt
this has been addressed adequately by previous investigator¢8%3p). Similarly,

practical realization of prospective undersampling with spiral readout is challenging.
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Fig. 4.8. Demonstration of approximate orthogonality between metabolite spectra obtained from
in vivoOVS scan and lipid spectra from high resolutinrvivo acquisition. In (a), the lipid and
metabolite spectra with the highest orthogonality are plotted. In (b), the components of the
metabolite spectrum that are orthogonal and parallel to thedjgdtrum for the best case in (a)

are overplotted. The actual metabolite spectrum (in blue) is totally occluded by the orthogonal
component (in orange). In (c), the lipid and metabolite spectra that are least orthogonal are
depicted. In (d), the orthogonand parallel components of the metabolite spectrum are
overplotted for the worst case in (c). Panel (e) depicts the methodology used in computing the
orthogonal and parallel metabolite components.

4.6 Conclusion

The proposed lipid suppression algorithimombine and extend two previously proposed
approaches, dudensity sampling and lipilasis orthogonality, with minimal increase on the
total scan time byollecting only 2average highiesolution data andggressive undersampling

(R = 10) of high freqeency k-space.Successfulin vivo lipid-suppression performanosas
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demonstratedvith artifactfree observation of metabolite spectra evethmperipheral cortical

regionswithout any other means of lipid suppression during acquisition at TE =.50 ms
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Chapter 5

Accelerated Diffusion Spectrum Imaging

Diffusion Spectrum Imaging (DSI) offers detailed information on complex distributions of
intravoxel fiber orientations at the expense of extremely long imaging times (~1 Reagnt

work by Menzel et al(96) demonstrated successful recovery of diffuspynbability density
functions (pdfs) from sublyquist sampled}-space by imposingparsity constraints on the pdfs
under wavelet and Total Variation (TV) transforms the performancefaompressedensing

(C9) reconstruction depends strongly on the level of sparsity in the selected transform space, a
dictionary specifically tailored for diffusion pdfs can yield higher fidelity resuitss chapter
presentghe first application of adaipe dictionaries in DSI, whereby the scan time of whole
brain DSI acquisitioris reducedrom 50 to 17 min while retaining high image qualily.vivo
experiments were conducted with the 3T Connectome MRé RMSE of the reconstructed

6 mi ssi ng éimagk$ fvdreu clcutated by comparing them to a gold standard dataset
(obtained from acquiring 10 aveges of diffusion images in these missing directions). The RMSE
from the proposed reconstruction method is
method, and is actually comparable to that of the fsdignpled 50 minute sca@omparison of
tractography solutions in 18 major whitgatter pathways also indicated good agreement between
the fully-sampled and -Bold accelerated reconstructionBurther, it is demonstrate that a
dictionary trained using pdfs from a single slice of a particular subject generalizes well to other

slices from the same subject, as well as to slices @ibier subjects.

5.1 Introduction

Diffusion weighted MR imagings a widely used method to studsite matter structuresf the

brain. Diffusion Tensor Imaging (DTI) is an established diffusion weighted imaging method,
which models the diffusion as a univariate Gaussian distribif@n One limitation of this

model arises in the presence of fiber crossings, and this can be addressed by using a more
involved imaging method98,99). Diffusion Spectrum Imaging (DSI) results in magnitude
representation of the fuli-space and yields a complete description of the diffusion probability

density function (pdf)(100101). While DSI is capable of resolving complex distributions of
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intravoxel fiber orientations, fult-space coverage comes at the expense of substantially long
scan times (~1 hour).

Compressedsensing (CS) comprises algorithms that recover data from undersampled
acquisitions by imposing sparsity or compressibility assumptions on the reconstructed(Bhages

In the domain of DSI, acceleration with CS was successfully demonstrated by Menzgl@d)al.

by imposing wavelet and Total Variation (TV) penalties in the pdf space. Up to an undersampling

factor of 4 ing-space,it was reported that essential diffusion properties such as orientation
distribution function (odf), diffusion coefficient, and kurtosis were prese(€d. A recent

study focused on the problem of finding the best wavelet basis to represent the diffusion pdf by

comparing various wavelet transforfi®?3).

The performance of CS recovery depends on the level of sparsity of the signal in the selected

transform domain, as well as the incoherence of the aliasing artifacts in the transform domain and

the amount of acceleration in the sampling sgékewhile prespecified transformations such as

wavelets and spatial gradients yield sparse signal representation, tailoring the sparsifying

transform based on the characteristics of the particular signal type may offer even sparser results.

K-SVD is an algdathm that designs a dictionary that achieves maximally sparse representation of
the input training datél04). The benefit of using datdiven, adaptive dictionaries trained with

K-SVD was also demonstrated in CS reconstruction of structural MR im@g6d.06).

In this chapter the K-SVD algorithmis employedo design a sparsifying transform that yields
a signal representation with increased level of spaGitypling this adaptive dictionary with the
FOcal Underdetermined System Solver (FOCUSS) algori)ma parametefree CS algathm
is obtained With 3-fold undersampling of-spacein in vivo experimentsup to 2fold reduced
pdf reconstruction errorare demonstraterklative to the CS algdhim that uses wavelets and
variational penalties by Menzel et £.02). At higher acceleration factors of 5 and 9, up 1® 1
fold and 1.6fold reduced errorare still obtainedelative to wavelet and TV reconstructianthe
lower acceleration factorof.3¥ or addi ti onal wvalidation, the
diffusion images were calculated by comparing thera twld standard dataset obtained with 10
averages. In this case, dictiondogsed reconstructions were seen to be comparable to the fully
sampled 1 average dat@or further validation, average Fractional Anisotropy (FA) and tract
volume metrics obtainefdlom 18 major whitematter pathways were compared between the-fully
sampled and-8ld accelerated dictionary reconstructions to yield good agreemeditionally,
it is shown that a dictionary trained on data from a particular subject generalizes well to

reconstructi on o fstllgielding bpeto 2fokl vetucee cetobstructibraerrars
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relative to using prespecified transformdence, application of the proposed method might
reduce a typical 58ninute DSI scan to 17 minutes (upon 3x acceleration) while retaining high
image quality.In addition, using a simpléb-norm penalty in the pdf space with the FOCUSS
algorithmis also inestigated andit is shown that this approach gives comparable results to the
more involved waveletand T\tbased reconstruction by Menzel et @102, while being

computationally more efficient.

5.2Theory
5.2.1 CS Recovery with Prespecified Transforms

Lettingma E represent the-8imensional diffusion pdf at a particular voxel as a column vector,
and AN E denote the corresponding undersamplesbace information, CS recovery with

wavelet and TV penalties aim to solve the convex optimization problem at a single voxel,

AU mm AE | OF mE | Ot G (5.1)

where¢ is the undersampled Fourigansform operator, is a wavelet transform operator,
4 68 is the Total Variation penalty, and andf are regularization parameters that need to be

determinedCS recovery is applied on a voxmf-voxel basis to reconstruct all brain voxels.

5.2.2Training an Adaptive Transform with K-SVD

Given an ensembld&N E formed by concatenating example pdfs s collected from a
training dataseas column vectors, the-BVD algorithm(104) aims to find the best possible
dictionary for the sparse representationhi$ tlataset by solving,
G QB mia OOAPAAD Arg - (5.2
Whereﬁ is the matrix that contains the transform coefficient vecters  as its columnsA
is the adaptive dictionary, is a fixed constant that adjusts the data fidelity, #8d is the
Frobenius norm. The 48VD works iteratively, first by fixingA and finding an optimally sparse

A using orthogonal matching pursuit, then by updating each columA afid the transform

coefficients corresponding to this column to increase data consistency.
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5.2.3CS Recovery withan Adaptive Transform using FOCUSS

The FOCUSS algorithm aims to find a sparse solution to the underdetermined linear system
¢ 7Ae A wheree is the vector otransform coefficients in the transform space defined by the
dictionaryA using the following iterations,

For iteration numbed pF8 "Y

T

7: QOO® (5.3)
v AOCIiy® suchthatt Aj v a (5.9
° nwv (5.5

Here,fj is a diagonal weighting matrix whog&diagonal entry is denoted sy, e is the
estimate of transform coefficients at iteratiowhosej™ entry isc . The final reconstruction in

diffusion pdf space is obtained via the mappiag Ae

It is also possible to impose sparsityducing Jb penalty directly on the pdf coefficients by

takingAto be the identity matrik

5.3 Methods

Diffusion EPI acquisitions were obtained from three healthy volunteers (subjects A, 8)and
using a novel 3T system (Magnetom Skyra Connectom, Siemens Healthcare, Erlangen, Germany)
equi pped wit ONNEGTOMA S3rOaz2d i fgg=t 300mnTImh(hel@ Gy = 200
mT/mwas usefland Slew = 200 T/m/s. A custebuilt 64-channel RF head arrgy07) was used

for reception with imaging parameters of 2.3 mm isotropic voxel size, FOV = 220x220x130,
matrix size= 96x96x57, h.,= 8000 s/mrfy 514 directionsull sphereg-space sampling (corners

of g-space were zerpadded since they were not sampled) organized in a Cartesian grid with
interspersed b=0 images every 20 TRs (for motion correction, 25 b=0 imagéa)in iteplane
acceleration = 2x (using GRAPPA algorithm), TR/TE = 5.4 s / 60 ms, total imaging time ~50
min. In addition, at $-space points plpfit, mith p , niw , i, and vt residing on

5 different shells, 10 averages were collected for noise quantificitiencorresponding-tsalues

for these 5 points were 640, 1600, 2880, 5120, and SOOOZSEﬂnly current related distortions
were corrected using the reversed polarityhodt(108). Motion correction (using interspersed

b=0) was performed using FLIRTL09 with sinc interpolation.
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Variabledensity undersampling (using a powaw density function(6)) with R = 3
acceleration was applied opspace on a 12x12x12 grid. Three different adaptive dictionaries
were trained with data from slice 30 of subjects A, B and C. Reconstruction experiverat
applied on test slices that are different than the training slices. In particular, two recimmstruct

experiments were performed:

i.  First, voxels in slice 40 of subject A were retrospectively undersamplegpace, and
reconstructed using 5 differemethods: wavelet+TV method of Menzel et(ab2), /b-
regularized FOCUSS, andidlionary-FOCUSS with the three dictionaries trained on
three different subjects.

ii.  Second, voxels in slice 25 of subject B weeospectivelyundersampled with the same
R = 3 sampling pattern, and again reconstructed with waveletF B #OCUSS, and the

three dictionaries trained on three different subjects.

Slice 30 was selected for training and slices 25 and 40 were chosen for test based on their
anatomical location, so that the test slices would reside on lower and upper parts of the brain,
while the training slice was one of the middle slideso r Menzel et al . 6s met hod,
MATLABOGs wavel et tool box wer e| andleiflEq.5TWeke r egul ar
chosen by parameter sweeping with valupstt fop T fp T lop 1 to minimize the
reconstruction error of 100 randomly selected voxels in slice 40 of subject A. The optimal
regularization parameters were found td be c p m for wavelet and  p 1 for the TV
term. By taking the fulhbsampled data as groutwith, thefidelity of the five methods were
compared using rogheansquare error (RMSE) normalized by thenorm of grounetruth as
the error metric both in pdf domain agepace.

Since the fullysampled data are corrupted by noise, computing RMSEs relativem will
include contributions from both reconstruction errors and additive noise. To address this, the
additional 10 average data acquired at the selectgesfmce points were used. As a single
average fulbrain DSI scan takes ~50 min, it was notgbial to collect 10 averages for all of the
undersampledg-space points. As such, both error metriase utilized for performance
quartification, namely: the RMSE relative to one average fshynpled dataset and the RMSE

relative to gold standard data fog-space points

To comparethe fully-sampledand 3-fold accelerated DictionatlfOCUSS reconstructioria

terms of tractography solutions, streamline deterministic DSI tractograpliyeotwo dataset
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was performedn trackvis fttp://trackvis.ory) and 18 whitematter pathwaysvere labeledThe

labeling was performetbllowing the protocol described (110, where two regions of intest

(ROIs) are drawn for each pathway in parts of the anatomy that the pathway is known to traverse.
To eliminate variability due to manual labeling in the two data sets and tihekemparison as
unbiased as possible, the ROIs used here were not drawraligaon thefully-sampledand 3-

fold acceleratediata. Insteadthe ROIswere obtainedrom a different data set of 33 healthy
subjects, where the same pathwhgd been previously labelé¢till). The respective ROIs from

the 33 subjectsvere averagedth MNI space(112) and the average ROisere mappedo the

native space of thiellly-sampledandR = 3 datasets using affine registration. In each data set the
tractography streamlines going through the respective R@te isolatedto identify the 18
pathways.

5.4 Results

Fig. 5.1 depicts the error of thaifferentreconstruction methods in the pdf domain for each voxel

in slice 40 of subject A. AR= 3 acceleration, reconstruction
averaged overrhin voxels in the slice was 15.8%, while the error was 15.0%foegularized

FOCUSS. Adaptive dictionary trained on subject A yielded 7.8% error. Similarly, reconstruction

with dictionaries trained on pdfs of the other subjects B and C returned 7d%2% RMSE,
respectively. AR = 5, Dictionary-FOCUSS returne8.%%o, 8.9% and 9.3%rror with training on

subjects A, B and C, respectively. Rt= 9 dictionary reconstruction with training on subjects A,

B and C returned 10.0%, 10.0% and 10.4% RMSE.

In Fig. 5.2, reconstruction errors & = 3 on slice 25 of subject B are presented. In this case,
Menzel et al . 6s met hod vyi éBHFOEUSES Had 1/53% ersok. e r a g e
Dictionary trained on slice 40 of subje@treturned 11.4% RMSE, while adaptive transforms
trained on subjectB and C had 11.4% and 11.8% error, respectivelya Aigher acceleration
factor of R = 5, Dictionary-FOCUSS with training on subjexch, B and Creturnedl13.1%, 13.3%
and135% error. AtR = 9 dictionary reconstruction with training on subgat B and Cyielded
14.2%, 14.2% and 14.4%RMSE, respectively
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Subject A, Slice 40 pdf reconstruction error
Dictionary-FOCUSS Acceleration R=3

Wavelet+TV £€,-FOCUSS

AccelerationR=3 AcceleratinR=3 Trained onsubject A Trained onsubject B Trained onsubject C JOKY)

7.8% avg RMSE 7.8% avg RMSE 82% avg RMSE  [iE%3
(d)

Dictionary-FOCUSS Acceleration R=9

15.8% avg RMSE 15.0% avg RMSE
(2) (b)

Dictionary-FOCUSS Acceleration R=5

Trained onsubject A Trained onsubject B Trained onsubject C Trained onsubject A Trained onsubject B Trained onsubject C BREZY

8.9% avg RMSE 8.9% avg RMSE 10.0% avg RMSE 10.0% avg RMSE 10.4% avg RMSE iKY}

(i) (k)

Fig. 5.1. RMSE at each voxel in slice 40 of subject A upon 3 acceleration and reconstruction
with Menzel e Ub-FOCUSS &), DintiandneOLCUSS drdined on subjects A (c),
B (d), and C €). DictionaryFOCUSS errors in f (g) and ) are obtained at higher acceleration
factor of R = 5 with trainingon subjects A, B and C, respectivaResults for the reconstructions
atR=9 are given in (i), (j) and (k).

(D

Subject B, Slice 25 pdf reconstruction error
Wavelet+TV £, -FOCUSS Dictionary-FOCUSS Acceleration R=3
e el TrainedonsubjetA  TrainedonsubjetB  Trained onsubject C

17.5% avg RMSE 17.3% avg RMSE 11.4% avg RMSE 11.4% avg RMSE 11.8% avg RMSE
(a) (d) (e)
Dictionary-FOCUSS Acceleration R=5 Dictionary-FOCUSS Acceleration R=9

Trained onsubject A Trained onsubject B Trained onsubject C Trained onsubject A Trained onsubject B Trained onsubject C
' " . " .

13.1% avg RMSE 13.3% avg RMSE 142% asg RMSE  14.2% avg RMSE 14.4% avg RMSE
(2) (h) (i) () (k)

Fig. 5.2 RMSE at each voxel in slice 25 of subject B upon 3 acceleration and reconstruction
with Menzel e b-FOCUSS @), DintidndreOCUSS argined on subjedds(c),

B (d), and C €). DictionaryFOCUSS errors inf), (g) and ) are obtained at higher acceleration
factor of R = 5 with training on subjects A, B and C, respectivégsults for the reconstructions
atR=9 are given in (i), (j) and (k).
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Fig. 5.3 presents RMSEs obtained on various slices of subject A using Dictiamalyb-
FOCUSS Error bars that show the variation of the reconstruction errors are also indRM&8&
maps on four selected slices are plotted for comparison. The same analysis is carried out on
various slices of subject B, and the results are depicted in Fig 5.4.

Subject A, Dictionary vs. £1-FOCUSS recon error
w30 - Bich - T
o -- Dictionary trained on subj B
=1 --L1-FOCUSS

L

55 Slice number
Slice 35 Slice 44

5 10 15 20 25 30 35 40 45 50

Dictionary
trained on B

£,-FOCUSS

Fig. 5.3. Mean and standard deviation of RMSEs computed on various slices of subject A using

Jb- and DictionaryFOCUSS trained on subject B. Lower panel depicts RMSE maps for four
selected slices.

Reconstruction errors igpspace imagesf subject Aobtained with Wavelet+TV/b-FOCUSS
and DictionaryFOCUSStrained on the three subjedts the undersamplegispace directions are
plotted in Fig. 5.5 For two particular diffusion directionstitfit and vhdm, g-space
reconstructions obtained with the thmeethods are also presentda Fig. 5.5a g-space images
obtained with Wavelet+TV/b-FOCUSSand DictionaryrFOCUSS (with training on subject B)
are compared with the 10 average fidgmpled image awfim. Fig. 5.5b presents the error

images relative tohe 10 average data for the three methods. Figs. 5.5¢c and d depict the same
analysis at directiorrdt fit .
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Subject B, Dictionary vs. £{-FOCUSS recon error
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Fig. 5.4.Mean and standard deviation of RMSEs computed on various slices of subject B using
Jb- and DictionaryFOCUSS trained on subject A. Lower panel depicts RMSE maps for four
selected slices.

In an attempt to quantify the noisedrspace and separate it from CS reconstruction error, the
10 average data acquired ag-Space directions/ere takeras ground truth antthe RMSEswere
computedrelative to them. Fig5.6 shows the error plots for the 1 average fully sampled data,
Wavelet+TV,/b-FOCUSS, and DictionaslfOCUSS reconstructions relative to the 10 average

data for slices from subjés A and B.

111



% RMSE in g-space

Subject A, Slice 40 q-space reconstruction

o 100 T—Dict trained on A
D aal == Dict. trained on B
g 80

7 === Dict. trained on C
< 60| Wavelet+TV

= w—1-FOCUSS

7 40+ -

=

& 20t

N

Undersampled g-space directions

(a) q-space reconstructions at direction [5,0,0] (©) q-space reconstructions at direction [0,4,0]
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Fig. 5.5 Top panel s h o ws g-sRades dirsctions rthat G i estimdted gvith
Wavelet+TV /b-FOCUSS and DictionarfOCUSSwith training on subjects A, B and& R=3.
g-space images at directions [5,0,0] (a) d06¢4,0] () are depicted for comparison of the
reconstruction methodi panels (b) and (d), reconstruction errors of Wavelet4yB/OCUSS
and dictionary reconstructions relative to the 10 average-daliypled image at directions [5,0,0]
and [0,4,0] argiven.

Slice 40 of Subject A R Slice 25 of Subject B
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Fig. 5.6 Panel ortop depicts RMSEs of Wavelet+TV/b-FOCUSS and DictionariFOCUSS at

R =3 and fullysampled 1 average data computed ig-§pace locations relative to the 10
average data for subject A. Panel on th®tom shows the same comparison for the slice
belonging to subject B.
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Fig. 5.7a and Ishow tractography results subject Afor the labeled whitenatter pathways
the fully-sampled and -Bold accelerateictionaryFOCUSS reconstructions. Fi§.7c an d
show plots of the average FA and volume of each pathway for the 18midiiterpathways as
calculated from the twreconstructions

Tractography solutions for subject A

(a) Fully-sampled data (b) Dictionary-FOCUSS reconstruction

with 3-fold acceleration

Average Fractional Anisotropy and Volume
for 18 labeled white-matter pathways, fully-sampled vs. R=3

Average FA

Fig. 5.7 Axial view of whitematter pathways labeled from streamline DSI tractograp iyl
sampleddata (a)andDictionary-FOCUSS reconstruction &= 3 (b) The following are visible

in this view: corpus callosumforceps minor (FMIN), corpus callosunforceps major (FMAJ),
anterior thalamic radiations (ATR), cingulum cingulate gyrus bundle (CCG)superior
longitudinal fasciculus parietal bundle (SLFP), and the superior endings of the corticospinal
tract (CST). Average FA €) and volume in number of voxeld)(for each of the 18 labeled
pathways, as obtained from thaully-sampled (R=1, green) ad DictionaryFOCUSS
reconstructed with -8old undersamplingR=3, yellow) dataset$elonging to subject Alntra
hemi spheric pathwawygs (hetod) hdif glditRed Dlye fiphat hways
callosum- forceps major (FMAJ), corpus callosunforceps minor (FMIN), anterior thalamic
radiation (ATR), cingulum- angular (infracallosal) bundle (CAB), cinguluncingulate gyrus
(supracallosal) bundle (CCG), corticospinal tract (CST), inferior longitudinal fasciculus (ILF),
superior longitudinal fasculus - parietal bundle (SLFP), superior longitudinal fascicutus
temporal bundle (SLFT), uncinate fasciculus (UNC).
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55 Discussion

This chapter presented the first application of adaptive transforms to wox&bxel CS
reconstruction of undersamplegtspace data. Relative to reconstruction wijtespecified
transforms, i.e. wavelet and TYhe proposed algorithm has up to 2 times reduced error in the pdf
domain at the same acceleration facter=( 3), while requiring no regularization parameter
tuning. When the undersampling ratio was increaseld o5 and even up tR = 9, the proposed
method still demonstrated substantial improvement relative to using prespecified transforms at a
lower acceleration factor & = 3 (Figs.5.1 and5.2). As demonstrated, a dictionary trained with

pdfs from a single slice of a particular subject generalizes to other slices of the same subject, as
well as to different subjectddowever, further tests are needed to sedligtionaries can
generalize acrodsealthy and patient populatiorts,across age groups.

Since the acquired 1 average DSI data is corrupted by noise (especially in the outer shells), it is
desired to obtain noisieee data for more reliable computation of CS reconstruction errors.
Because even the 1 average feiflell acquisition takes ~50 min, it is practically not possible to
collect multipleaverage data at at}-space points. To address this, one representgtsgace
sample at each shell was collected with 10 averagesto sdive asp pr o x i rfarteed oy )d antoa .s e
When the noisdree data were taken to be grottngth, the dictionary reconstruction witkf@ld
undersampling was comparable to the fgidmpled 1 average data for both subjects §-&).

RMSE in Fig.5.2 wasoverall higher than in Figh.1. A possible explanation is the inherently
lower signalnoiseratio (SNR) in the lower axial slice, particularly in the center area of the brain
which is further away from the receive coils. In particular, the error is highke central region
of the image where the SNR is expected to be lovgste the noisy 1 average datasets were
taken to be the reference in RMSE computations in Bigsand 2, the errorare expectetb be
influenced by noise in these lower SNR . As seen in Figss.1 and 2, Wavelet+TV antb-
FOCUSS tend to yield larger error in the white matter, where the information is more critical for
fiber tracking. Error maps from the dictionary reconstruction is more homogenous across white
and graymatter, especially results on FEg2 resemble SNR maps where the middle of the brain
is further away from the receive coils. As Fi6 demonstrates, dictionary reconstruction has a
certain degree of denoising property, since it yields lower RMSE Heafh &iverage data relative
to the 10 average data. This might be one possible explanation why the RMSE is relatively higher

in the middle of the brain, which should be explored in future investigation.
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As seen in Fig5.5, wavelet and TV penalized ratstruction andb-FOCUSS yield especially
poor quality results in estimating the higispace samples. In particular, as depicted in &t
and b these CS methods tend to underestimate thediggiace contentdiowever, this is not a
simple scaling priolem, as they yield either flat (Wavelet+TV) or graifip-FOCUSS) results.
Because Wavelet+TV reconstruction imposes pigise smoothness assumption in compressed
sensing reconstruction, it leads to loss of high frequency content. In the context @hiBSlI,
corresponds to attenuated highsmpce information (flat, underestimated outer shédly.
penalized reconstruction encourages small number ckean coefficients, which is seen to be
insufficient to model the diffusion pdfs. This also leads to ugstanated high gpace content,
but since there is no smoothness constraint in pdf domain, the reconstrsgacedgs not flat.
The RMSE plot in Fig5.5 also demonstrates that Wavelet+TV akdFOCUSS results are
comparable to the adaptive reconstruttat lowerg-space (Figs.5¢ and d), and the difference

becomes more pronounced as |q| increases.

Visual inspection of the tractography solutions from the fully sampled dalil Ziccelerated
DictionaryFOCUSS data sets (Figh.7a and b) showed thahe whitematter pathways
reconstructed from the two acquisitions were very similar. When comparing average FA over
each pathway, as calculated from the two reconstructions, there are two potential sources of
differences: the tractography streamlines cdaddlifferent, visiting different voxels in the brain
for each data set, and/or the tensor, from which the FA value is calculated, could be different at
same voxel for &h data set. Howevegood agreemenivas foundbetween the average FA
values in the fily-sampled and -Bold accelerated reconstructions (Fig7c and d). Some
differences are to be expected in weaker pathways that only consist of very few streamlines and
thus are more sensitive to noise and have lowerdgsst reliability than the stnger pathways.

This was the case particularly for the right inferior longitudinal fasciculd& iR which did not

have any streamlines in the fubampled data set (Fi§.7d). Therefore it was not possible to
extract an average FA value for thdllE from the fully sampled data. Apart from this pathway,

the mean difference between the average FA values in the fully sampleef@dda8celerated

data, as a percentage of the value in the fully sampled data, was 3%. For the volume estimates,
the mean ermowas 16%. It is possible that even more stable FA and volume measurements could
be obtained by manual labeling of the paths directly on each data set, instead of using the average
ROIs. This is because the averaging of ROIs in MNI space is susceptitir égistration errors,

leading to average ROIs that are typically much larger than the individual ROIs than a rater
would draw directly on the images. Thus the bundles that we obtained with the average ROIs are

more likely to contain stray streamlinestteould be eliminated in a careful individual manual
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labeling, leading to less noisy volume and FA estimates. However, the averaged&@®lssed

here to avoid introducing variability due to manual labeling.

In a previous study the intrater and irgr-rater reliability of the manual labeling procedure
was evaluatedby performing manual labeling several times on the same dath sets found
that the average distance between pathways labeled by the same and different raters to be,
respectively, intie order of 1 voxel and 2 voxg]$11). In the present stuglit is found that the
distance between the pathways obtainemimfrthe fullysampled andR = 3 data sets &re
comparable (median distance: 2.37mm, mean distance: 2.74mm with acquisition voxel size of
2.3mm isotropic). Further investigation with testest scans is warranted to determine how the
differences between tHally sampled and 3old undersampled results compare to the-rtetsst
reliability of each type ofeconstruction

In this study, fullysampled g-space data were collected for comparison with the CS
reconstruction methods. With the fuampled dataset, it was simple to apply the reverse
polarity approach{108 to get good eddy current correctidh.should benotel that in a real
random undersampling case where reverse pairs are not present, such eddy current correction
method will not be applicable. However, various approaches exist in performing eddy current
correction, such aknearly fitting the eddycurrent distortions parameters (translation, scaling,
shearing) using the available data, and then estimating the transformation for ang-gjpaere

data.

In the currentimplementation,per voxelprocessing time ofb-FOCUSS was 0.6 seconds,
while this was 12 seconds for DictiondfCUSS and 27 seconds for Wavelet+TV method on a
workstation with 12GB memory and 6 processors. Hencebfalh reconstruction using thie-
FOCUSS algorithm would still takeays Becauseeach voxel can be processed independently,
parallel implementation is likely to be a significant source of performance B#&tionary
training step (for subject A, using 3200 voxels inside the brain mask from a single slice) took 12
minutes. An additiorlaesearch direction is to evaluate the change in reconstruction quality when
multiple slices are used for training. Increased processing times due to employing a larger

dictionary may become a practical concern in this case.

The proposed CS acquisitibeconstruction can be combined with other techniques to further
reduce the acquisition timén particular, combining the proposed method with the Blipped
CAIPI Simultaneous MultiSlice (SMS) acquisitighl3) could reduce a 50 minute DSI scan to
5.5 minutes upon-fld acceleration (3x3 GSMS).
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5.6 Fast DSI Reconstruction with Trained Dictionaries

Wavelet and TV reconstructiof@6) and the dictionarpased compressed semgimethod
introduced in this chapter operate iteratively, therefore they require processing times on the order
of hours per imaging slicausing Matlab running on a workstation. This section presents two
dictionarybased reconstruction techniques that use analytical solutions, and are 3 orders of
magnitude faster than the Dictiondf@CUSS approachThe first method also employs a
dictionary trained with the KSVD algorithm, but instead of using iterative CS reconstruction,
Tikhonovregularization is applied on the dictionary transform coefficients. This admits a-closed
form expression, which is shown to be equivalent to the regularizedqgiseeie solutionThe

second proposal is to apply Principal Component Analysis (PCA) on training data to derive a
lower dimensional representation of diffusion pdfs. This way, fewer PCA coefficients are
required to represent individual pdfs, effectivelgducing the acceleration factor of the
undersampled acquisitioBoth methods require a single matvigctor multiplication per voxel,

hence attaining -8rders of magnitude speed up in computation relative to iterative CS
algorithms. Computation times ohet order ofseconds per slicen Matlab are reported for the
methods proposed in this secti@amd it is shown that the reconstruction qualities are comparable
to that of Dictionary=FOCUSS on in vivo datasets. In particular, the proposed methods yield up
to 2 times less reconstruction error relative to the Wavelet+TV method at the acceleration factor
of 3, and similar results to those of Dictiond@®CUSS algorithm. Even when the acceleration
factor is increased to 9, the proposed methods have up tarie$ léss error compared to the

wavelet and TV results obtained at tbever acceleration factor of.3

5.6.1 Theory

The proposed algorithms with closeatm solutions are detailed in the following.

i.  Proposal I: Dictionary-based Reconstruction with Regulazed Pseudoinverse

Givena dictionary’A trained with the KSVD algorithm, Tkhonovregularized reconstruction of

dictionary coefficients at a particular voxehre found by solving

G QA Ao A _DmeA (5.6)
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Since thisobjective function is strictly convex, the unique global optimizer is found by setting

the gradient equal to zero,

o MWeftiA _F Weta (5.7)

Alternatively, we can relate Eq. 5.7 to the singular values of the observation rhathixoy

letting ¢ A 1§ A,

o A AEERAE _E fAfEa
i A a (5.8)

Hence, the Tikhonov regularized soluti@man be found by applying singular value
decomposition (SVD) to the observation mattixA and modifyingi™ singular value due to
. . ¥, _.Defining € _Z& Et tobe the diagonal matrixith entries, h
the solution matrixi 1% in the last line of EQ.8 needs to be computed only once. The
regularization parameter can be selected to optimize the reconstruction performance on the
training dataset that was used to generate the dictidhafis point is addressed in more detail
under the Methods section. The result in pdf space is finally compumﬂi Ae. Regularized

pseudoinverse reconstruction is denoted as PINV in the remainder of the text.

ii.  Proposal ll: Reconstruction with Principal Component Analysis

PCA is a technique that seeks the best approximationgdfes set of data points using a linear
combiration of a set of vectors which retain maximum variance along their diredB@#s starts

by subtracting the mean from the data points, which becomes the virtual origin of the new
coordinate systerflL14). Again beginning witha collection of pdfSEN E , whosei™ column

is a training pdf==™ E , we obtain a modified matri¥dN by subtracting the mean pdf

from each column,

where» is thei™ column ofH Next, the covariance matrid is diagonalized to produce an

orthonormal matriXEand a matrix of eigenvalues
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HH EE (5.10)

It is possible to obtain a reducednensionality representation fgenerating the matri¥g
which contains théYcolumns of Ethat correspond to thi&largest eigenvalues in. For a given

pdf == the PCA projection becomes,

it E] - - (5.11)
The location of the projected poiaidk # the larger dimensional pdf space is,
=Bt
"B'E] - - — (5.12)

With the preceding definitionghe target pdtan be estimatefiom undersampled-gpace in
the leastsquaresense,

a Q_ﬁ A ME (5.13
Expressed in terms of the PCA coefficients,
0 Qi Bt M
o Qe E|1|-J]|f=i= A ¢ =m .3 (5.19

The solution tathe least squares problem Hu. 5.14 is computed using the pseudoinverse,
DEI8D

= FDEECEH A £ w (5.15
The result in pdf space is finally given by
Rt
‘Bb E ¢ ©E|| A £ =m — (5.16)

The reconstruction matrl‘iqf) E ¢ ©ﬁ| needs to be computed only once. The dimension of
the PCA spacéYis a parameter that needs to be determined. A possible way to choose this
parameter is by optimizing the reconstruction performance with respect to an error metric on the

training datasefT his point will be discussed in more detail untterMethodssub®ction
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5.6.2 Methods

To comparethe performance of theroposedeconstruction algorithm$ikhonov regularization
(PINV) and PCAagainst DictionanFOCUSS and Wavelet+T\Wata from subjects A and B
were analyzedvariabledensity undersamplingith R=3 acceleration was applied gpspace on

a 12x12x12 gridTwo different dictionaries were trained with data from slice 30 of subjects A
andB. Reconstruction experiments were applied on test slices that are different than the training

slices. In particulg two reconstruabn experiments were performed,

i.  First, voxels in slice 40 of subject A were retrospectively undersamplegpace, and
reconstructed usinfpur different methodsWavelet+TV method of Menzel et g96),
Dictionary-FOCUSS PINV and PCA. The traing data were sampled from slice 30 of
subject B.

ii.  Second, voxels in slice 25 of subject B werrospectivelyundersampled with the same
R=3 sampling pattern, and again reconstructed Witvelet+TV,DictionaryFOCUSS,
PINV and PCA. In this experimenthe training data were obtained from slice 30 of

subject A.

In these experimentslice 30 was selected for training and slices 25 and 40 were chosen for
test based on their anatomical location, so that the test slices would reside on lower and upper

parts of the brain, while the training slice was one of the middle slices.

By taking the fullysampled data as growtdith, the fidelity of thefour methods were
compared using RMSE normalized by ffkenorm of grounetruth as the error metric both pdf
domain andg-space.To observe the performance of the dictiosbaged methods, additional
reconstructions were performed at the higher acceleration factBrbaind 9.

Tikhonov regularization parameterfor PINV andthe dimension of the PCApace Ywere
determined using the training data. In particular, reconstruction experiments were performed on
the training dataset with the same undersampling pattern used for the test dataset, and the
parameter that yielded the lowest RMSE was selectédlag fopti mal 0 regul ari za
At all acceleration factors and for both of subjects A and=8.03 was seen to yield the lowest
RMSE values on the training set. For subject A, the optimal dimension of the PCA space was
found to be™¥(50, 26, 22) at acceleratiorR=(3, 5, 9), respectively. For subject B, the

corresponding values weig(45, 27, 13).
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To map the performance of the methods across the brain, reconstruction experiments on
multiple slices across the whole brain weref@ened using Dictionary-FOCUSS, PINV and
PCA. Mean and standard deviation of RMSE in pdf domain for each slice were computed for

subjects A and B.

Since the fullysampled data are corrupted by noise, computing RMSESs relative to them will
include comtibutions from both reconstruction errors and additive noise. To address this, the

additional 10 average data acquired at the seléie®ed-space points were usadain

To explore how reconstruction error varies as a function-gfage location,taacceleration
R=3,g0space i mages at the Amissingd (not sampl ed)
estimated by the four methods. RMSE values were obtained for all missjpaicq directions by

taking the fullysampled 1 average dataset as groumtth.tr

5.6.3Results

Wavelet+TV, Dictionar=OCUSS, Tikhonov regularized (PINV) and PCA reconstruction errors
relative to fullysampled pdfs in slice 40 of subject A are presented in Fig. 5.8. All dictionary
based methods use the same training pdfs that were collected foenB@8liof subject B. At
acceleration factoR=3, Wavelet+TV vyielded 15.8% average RMSE in the reconstructed pdfs.
The dictionarybased methods DictionaOCUSS, PINV and PCA had 7.8%, 8.1% and 8.7%
average error, respectively. At the higher acceleratictofaf R=5, DictionaryFOCUSS, PINV

and PCA yielded 8.9%, 8.9%, and 9.6% RMSE, respectivelir=8t the average RMSE figures
were 10.0%, 10.2% and 11.2% for Diction&f®CUSS, PINV and PCAThe computation times
were 1190 min for Wavelet+TV, 530 min f@ictionary-FOCUSS, 0.6 min for PINV and 0.4
min for PCA.

Fig. 5.9 compares pdf reconstruction errors obtained with the four methods for slice 25 of
subject B. The training data for the dictiondgsed methods were the pdfs in slice 30 of subject
A. At accelerationR=3, Wavelet+TV yielded 17.5%, while DictionaROCUSS, Tikhonov
regularization (PINV) and PCA returned 11.4%, 11.8% and 12.8% average RMSE, respectively.
At the higher acceleration factor 85, DictionaryFOCUSS, PINV and PCA yielded 13.1%
12.8% and 13.8% RMSE, respectively. Rt9, the errors were 14.2%, 14.1% and 15.5% for
Dictionary-FOCUSS, PINV and PCA. The computation times were 1450 min for Wavelet+TV,
645 min for Dictionan=FOCUSS, 0.8 min for PINV and 0.6 min for PCA.
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Fig. 5.8.Pdf reconstruction error maps for slice 40 of subjecaAAt accelerationR=3, Wavelet+TV
reconstruction returned 15.8% average RMSE with a computation time of 1190, miandd: At R=3,
DictionaryFOCUSS vyielded 7.8% error in 530 min, Tikhonov regularized reconstruction (PINV) had 8.1%
error in 0.6 min and the PCA method resulted in 8.7% error in 0.4 enifj.and g: At R=5, the three
dictionarybased methods yielded 8.9%, 8.9% an®®BMSE.h, i andj: At R=9, the reconstruction
errors were 10.0%, 10.2% and 11.2% for DictioAa@CUSS, PINV and PCA, respectively.

Fig. 5.9. Pdf reconstruction error maps for slice 25 of subjeca:BAt accelerationR=3,
Wavelet+TV reconstruction returned 17.5% average RMSE with a computation time of 1450
min. b, ¢ and d: At R=3, DictionaryFOCUSS vyielded 11.4% error in 645 min, Tikhonov
regularized reconstruction (PINV) had 11.8% error in 0.8 min and the PCA methdtbdein
12.8% error in 0.6 mire, f,andg: At R=5, the three dictionargased methods yielded 13.1%,
12.8% and 13.8% RMSH, i andj: At R=9, the reconstruction errors were 14.2%, 14.1% and
15.5% for DictionaryFOCUSS, PINV and PCA, respectively.
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