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Conventional magnetic resonance spectroscopic imaging (MRSI) is a Fourier transform-based imaging technique. During data acquisition, Fourier
encodings or (k , t)-space data are acquired. Decoding (or image reconstruction) is often accomplished using the truncated Fourier series. To
overcome the well-known limited-data problem with Fourier transform MRSI, several constrained MRSI methods have been developed to
exploit prior knowledge to improve the coding (data acquisition) and decoding (image reconstruction) process. This article reviews two of these
constrained MRSI methods: SLIM (Spectral Localization by IMaging) and SPICE (SPectroscopic Imaging by exploiting spatiospectral CorrElation).
SLIM is a classical method designed to use explicit boundary information obtained from anatomical imaging to improve spectral localization;
SPICE is a modern method that exploits the subspace (or low-rank) structure of spatiospectral functions for efficient spatiospectral encoding and
high-quality image reconstruction from sparsely sampled data.
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Introduction
Magnetic resonance spectroscopic imaging (MRSI) is a Fourier
transform-based imaging technique. During data acquisition,
Fourier encodings or (k, t)-space data are acquired, which can
be expressed as

s(k, t) =
∫
D

∫
Ωf

ρ(r, f )e−i2πfte−iγΔB0(r)te−i2πk·rdfdr + ξ(k, t)

=
∫
D

ρ̃(r, t)e−iγΔB0(r)te−i2πk·rdr + ξ(k, t) (1)

where ρ(r, f ) is the desired spatiospectral function, D the
excited volume of interest, Ωf the desired spectral bandwidth,
γ the gyromagnetic ratio, ΔB0(r) the B0 field inhomogeneity
map, and ξ(k, t) the measurement noise (often assumed to be
white Gaussian).

Conventional MRSI methods (most notably, the chemical
shift imaging (CSI) technique1) sample the (k, t)-space uni-
formly at the Nyquist rate and reconstruct the underlying
spatiospectral function from the measured data using Fourier
transform-based methods. The only prior information used
in the data acquisition (encoding) and image reconstruction
(decoding) process of these methods is that the spatiospectral
functions have limited spatial support (field-of-view, FOV)
and spectral bandwidth. While these methods are very easy to
use, they suffer from several well-known limitations, includ-
ing long-data acquisition time, poor spatial resolution, and

low signal-to-noise ratio (SNR). To speed-up data acquisi-
tion, many fast-scan methods (and pulse sequences) have been
proposed (a comprehensive review can be found in Ref. 2).
Although these methods can greatly reduce the data acquisition
time for spatiospectral encoding, they sacrifice the already low
SNR, which can be a significant problem for in vivo MRSI
experiments. Figure 1 shows a set of MRSI results to illustrate
the limitations with CSI and echo-planar spectroscopic imag-
ing (EPSI)3 (see Chemical Shift Imaging and High-speed MRS
with PEPSI and spiral MRS). We next discuss the use of prior
knowledge to improve MRSI through two specific examples:
Spectral Localization by IMaging (SLIM)4 and SPectroscopic
Imaging by exploiting spatiospectral CorrElation (SPICE).5

SLIM is a classical method designed to use explicit boundary
information obtained from anatomical imaging to improve
spectral localization; SPICE is a modern method that exploits
the subspace (or low-rank) structure of spatiospectral func-
tions for efficient spatiospectral encoding and high-quality
image reconstruction from sparsely sampled data. Both are
described in detail subsequently.

SLIM: Spectral Localization with Boundary
Constraints
The SLIM technique is motivated by the fact that in biolog-
ical systems, the water proton distribution is closely related
to the distributions of other metabolites of interest. Partic-
ularly, the boundaries of the body, organs, tissue types, or
lesions revealed by high-resolution anatomical imaging often
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Figure 1. CSI and EPSI results from a metabolite phantom. (a) Structural
reference image. (b) and (c) NAA map and representative spectrum [from
the marked pixel in (a)] reconstructed from a CSI dataset with 19 × 19
spatial encodings and 2000 Hz readout bandwidth. (d) and (e) NAA map
and representative spectrum reconstructed from an EPSI dataset with
100 × 100 spatial encodings, 167 kHz readout bandwidth, and two signal
averages. The labeled peaks are due to N-acetylaspartate (NAA), creatine
(Cr), and choline-containing compounds (Cho). The data acquisition time
for both the CSI and EPSI scans was 6 min. As can be seen, the CSI
reconstruction has high SNR but suffers from significant blurring artifacts
because of limited k-space coverage; the EPSI reconstruction has high
resolution but suffers from very low SNR because of the small voxel size
and the high readout bandwidth

represent metabolic concentration discontinuities. SLIM is one
of the earliest constrained MRSI methods that incorporate
anatomical boundary constraints into the reconstruction of the
spatiospectral function ρ(r, f ).

Method

In SLIM, the anatomical image is used to define a set of
generalized voxels Dm, called compartments, with arbitrary
shapes and sizes to match exactly the biological regions of
interest and the objective is to reconstruct the average spectral
distribution of each individual compartment using only a small
number of encodings.

In a mathematical sense, for an M-compartment model, the
SLIM spectral function is given by

ρslim(r, f ) =
M∑

m=1

ρ̂m(f ), (2)

where ρ̂m(f ) is an estimate of the desired average compartmen-
tal spectrum ρm(f ), namely,

ρ̂m(f ) ≈ ρm(f ) =
{

1
Vm

∫
Dm

ρ(r, f )dr, for r ∈ Dm,

0, otherwise,
(3)

in which Dm is the compartmental geometry defined from the
corresponding anatomical image and Vm is the volume of Dm.

With the SLIM model in equations (2) and (3), the spectral
reconstruction problem reduces to finding the compartmental
spectrum ρ̂m(f ), which can be determined by solving the
following least-squares problem4:

min
{ρ̂m(f )}M

m=1

N∑
n=1∣∣∣∣∣∣s(kn, t) −

∫
D

⎡
⎣ M∑

m=1

∞∫
−∞

ρ̂m(f )e−i2πftdf

⎤
⎦ e−i2πkn·rdr

∣∣∣∣∣∣
2

, (4)

where N is the total number of Fourier encoding steps. In this
way, the boundary information is explicitly enforced into the
reconstruction for improved localization. Ignoring temporarily
measurement noise and compartmental inhomogeneities, one
obtains

⎡
⎢⎢⎢⎣

g11 g12 · · · g1M
g21 g22 · · · g2M
...

...
. . .

...

gN1 gN2 · · · gNM

⎤
⎥⎥⎥⎦

⎡
⎢⎢⎢⎣

cslim,1(t)
cslim,2(t)

...

cslim,M(t)

⎤
⎥⎥⎥⎦ =

⎡
⎢⎢⎢⎣

s(k1, t)
s(k2, t)

...

s(kN , t)

⎤
⎥⎥⎥⎦, (5)

where gnm is the phase dispersal factor of the nth phase-
encoding wave vector across the mth compartment,

gnm =
∫
Dm

e−i2πkn·rdr, (6)

and cslim,m(t) is the compartmental spectroscopic signal related
to ρ̂m(f ) by

cslim,m(t) =
∞∫

−∞
ρ̂m(f )e−i2πftdf . (7)

In vector notation, equation (5) can be written as

Gcslim(t) = s(t), (8)

where G is called the SLIM geometry matrix, and the least-
squares solution for cslim(t) is given by

cslim(t) = (GHG)−1GHs(t) = G+s(t). (9)

The entire processing pipeline for SLIM is summarized in the
flow chart in Figure 2.
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Figure 2. SLIM processing flow chart

Effects of Measurement Noise

In practical applications, random measurement noise is always
present. Incorporating the data noise ξ(t), cslim(t) is in error by
the vector Δcslim(t). Then we have

G[cslim(t) + Δcslim(t)] = s(t) + ξ(t). (10)

The SLIM compartmental spectroscopic signal becomes

ĉslim(t) = cslim(t) + G+ξ(t). (11)

The key effects of the noise term are summarized below6:

• Δcslim(t) = G+ξ(t) is independent of the underlying spec-
tral distribution cslim(t), and will not cause systematic
intercompartmental spectral leakage.

• Different compartments have different noise sensitivity.
Specifically,

Δcslim,m(t) =
N∑

n=1

g+
mnξn(t) (12)

and the variance of Δcslim,m(t) is

Var{Δcslim,m(t)} =
N∑

n=1

|g+
mn|2σ 2 = ||g+

m||2σ 2, (13)

where σ = √
Var{ξn(t)} and g+

m = (g+
m1, . . . , g+

mN) is the
mth row vector of the pseudo-inverse matrix G+. It can
be justified that ||g+

m|| ∝ 1/
√

Vm and, thus, the larger a
compartment, the lower is its noise sensitivity.6 For a given
set of phase-encoded measurements, the Fourier transform
method gives the lowest noise sensitivity. The error of a
Fourier reconstruction caused by data noise is given by

Δcft,m(t) = 1

Vm

∫
Dm

N∑
n=1

ξn(t)ei2πkn·rdr. (14)

It can be shown that√
Var{Δcslim,m(t)}
Var{Δcft,m(t)} = Vm||g+

m||
||g∗

m|| , (15)

which quickly approaches 1 as G becomes stable.6

Effects of Compartmental Inhomogeneities

Compartmental inhomogeneities arise in the SLIM model
when any compartments are inaccurately defined, such as the
case when several noninteresting compartments are lumped
together, and/or when there exist magnetic field inhomo-
geneities or metabolic inhomogeneities not revealed by the
anatomical images. The effects of compartmental inhomo-
geneities on SLIM are thoroughly examined in Ref. 6. The
main results are summarized as follows:

• It is proved that

lim
N→∞

ρ̂m(f ) = ρm(f ), (16)

which indicates that the SLIM solutions are asymptotically
unbiased no matter what compartmental inhomogeneities
exist!

• For a finite N, SLIM spectra may contain intercompartmen-
tal spectral leakage. It is known that,6 (i) no spectral leakage
will come from any homogeneous compartments; (ii) for
any inhomogeneous compartment, the constant compo-
nent will not cause any spectral leakage; and (iii) leakage
from higher order inhomogeneities with spatial frequencies
well above the highest phase-encoding wave number will be
negligible, which implies that heterogeneities in a biological
system found at ‘microscopic’ levels will not be a problem
for SLIM, but unmodeled (undiscovered) low-frequency
inhomogeneities, such as magnetic field inhomogeneities,
would.

Discussion

Equation (5) indicates that, if the encoding vectors are nontriv-
ially chosen, the SLIM spectral function ρ̂(f ) can be obtained
exactly, provided the number of encodings, N, is not less than
the number of compartments, M. Therefore, SLIM can provide
exact spatial localization with the minimal number of phase-
encodings when the homogeneous compartment model holds.
When compartmental inhomogeneities exist, the optimal effi-
ciency of SLIM is lost, namely, one needs to use more encodings
than the number of compartments defined to secure a reliable
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Figure 3. SLIM reconstruction from an in vivo dataset. (a) Anatomical reference image. (b) Supports of the white matter (green), gray matter (red), and
CSF (blue) derived from (a). (c) Zero-padded NAA map from a CSI dataset with 12 × 12 spatial encodings. (d–f) Averaged spectrum of the white matter,
gray matter, and CSF, respectively, obtained by SLIM

solution. It is found that the number of phase-encoding steps
required to stabilize G is much less than what is needed by
the Fourier method for achieving a comparable localization
accuracy (spatial resolution).6

Many methods have been proposed to extend SLIM, includ-
ing Spectral LOcalization with Optimal Pointspread func-
tion (SLOOP),7 Generalized Spectral Localization by IMaging
(GSLIM),8 B0 compensated Spectral Localization by IMaging
(BSLIM),9 STAtic and Radiofrequency-compensated Spectral
Localization by IMaging (starSLIM),10 SPectral Localization
Achieved by Sensitivity Heterogeneity (SPLASH),11 and Spec-
troscopy with Linear Algebraic Modeling (SLAM).12,13 SLOOP
optimizes phase encoding gradients to maximize SNR and min-
imize leakages from heterogeneous compartments (see SLOOP
and its Modifications). GSLIM uses a more general signal
model to reveal compartmental inhomogeneities and thus
reduces leakages from heterogeneous compartments. BSLIM
compensates the B0 field inhomogeneity effects using measured
B0 field inhomogeneity maps, and starSLIM further com-
pensates transmit coil sensitivity (B+

1 ) inhomogeneity effects.
SPLASH combines SLIM and sensitivity encoding (SENSE14)
to further reduce the required number of phase encodings.
SLAM is one of the most recent extensions of SLIM, which
is developed to obtain compartmental averaged spectra using
a greatly reduced phase-encoding gradient set (see Acceler-
ated Spatially Encoded Spectroscopy of Arbitrarily Shaped
Compartments Using Prior Knowledge and Linear Algebraic
Modeling).

Figure 3 shows a set of SLIM reconstruction results using an
in vivo dataset collected on a 3T scanner. In this example, SLIM
was used to estimate the averaged spectrum of the white matter,
gray matter, and cerebrospinal fluid (CSF) of the brain from a

CSI dataset with 12 × 12 spatial encodings. The support for the
white matter, gray matter, and CSF (Figure 3b) were derived
from a high-resolution reference image (Figure 3a) and were
then used in the SLIM reconstruction. Directly performing
a Fourier transform of the CSI data resulted in a blurred
reconstruction, as shown in the NAA concentration map in
Figure 3(c), which was zero-padded to a 32 × 32 grid followed
by filtering using a Hamming window. Figure 3(d–f) show the
averaged spectra of the white matter, gray matter, and CSF,
respectively, obtained by the SLIM method.

SPICE: High-resolution MRSI with Subspace
Constraints
SPICE5 is a relatively new approach to using prior knowledge
to improve MRSI data acquisition and image reconstruction.
As distinct from SLIM, SPICE aims to obtain high-resolution
spatiospectral distributions of the imaging object from sparsely
sampled data. To this end, it exploits a unique property known
as partial separability (PS) of spectroscopic signals.15,16 This
property implies that high-dimensional spectroscopic signals
reside in a very low-dimensional subspace and enables special
data acquisition and image reconstruction strategies to be used
to obtain high-resolution spatiospectral distributions with good
SNR. The subspace model, data acquisition schemes, and image
reconstruction algorithms for SPICE will be described in the
following sections.

Subspace Modeling

SPICE expresses ρ̃(r, t) in equation (1) as5

ρ̃(r, t) =
L∑

l=1

ul(r)vl(t), (17)
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where {vl(t)}L
l=1 can be viewed as a set of temporal basis func-

tions, {ul(r)}L
l=1 are the corresponding spatial coefficients (or

viewed as a set of spatial basis functions), and L is the model
order (also called the separation rank15). In spectroscopic
imaging, this PS representation can be justified from different
aspects, e.g., the object being imaged has only a finite (L) num-
ber of tissue types, each of which has a distinct spectral structure,
or it has only a finite number (L) of spectral components. It
can be shown that the PS model implies a low separation
rank.15 More specifically, given any point set {(rm, tn)}M,N

m,n=1,
the Casorati matrix formed from {ρ̃(rm, tn)}M,N

m,n=1

C
({

ρ̃(rm, tn)
}M,N

m,n=1

)

=

⎡
⎢⎢⎢⎣

ρ̃(r1, t1) ρ̃(r1, t2) · · · ρ̃(r1, tN)

ρ̃(r2, t1) ρ̃(r2, t2) · · · ρ̃(r2, tN)
...

...
. . .

...

ρ̃(rM , t1) ρ̃(rM , t2) · · · ρ̃(rM , tN)

⎤
⎥⎥⎥⎦ (18)

has a rank upper-bounded by L. Assuming that ρ̃(r, t) can be
completely specified by {ρ̃(rm, tn)}M,N

m,n=1 in the conventional
pixel representation, the PS or low-rank model implies that
{ρ̃(rm, tn)}M,N

m,n=1 actually resides in a very low-dimensional
subspace (i.e., spanned by {vl(tn)}L,N

l,n=1) as opposed to the
original M × N-dimensional space. Therefore, the PS property
significantly reduces the number of degrees of freedom of
ρ̃(r, t) and, thus, enables special data acquisition and image
reconstruction schemes for accelerated high-resolution MRSI,
which are described in the next section.

Data Acquisition

SPICE uses a special data acquisition strategy to achieve
extended (k, t)-space coverage with sparse sampling. More
specifically, it acquires two complementary datasets (called S1
and S2), with S1 covering limited k-space but at a high tempo-
ral sampling rate and S2 covering extended k-space but with
limited temporal sampling. S1 is often called training data as it
is used for training the PS model (or determining its temporal
basis); S2 contains the imaging data used to determine the
spatial distributions of metabolites (or the spatial coefficients
of the PS model). As a result, the SPICE sequence samples
(k, t)-space only sparsely, thus reducing data acquisition time.

With the PS model, SPICE offers a range of flexibility for
acquiring S1 and S2. Illustrative sequences and the resultant
sampling trajectories for acquiring S1 and S2 are shown in
Figures 4 and 5, respectively. For instance, the CSI sequence
(Figure 4a) is often used to generate S1 (assuming good SNR).
However, it can also be replaced by a traditional EPSI scheme
(Figure 4b) if further improvement in data acquisition speed is
desired (e.g., in the case of 3-D SPICE). Many fast acquisition
sequences can be used to generate S2. For example, in the
sequence in Figure 5(a), SPICE encodes two spatial dimensions
during the FID (in contrast to traditional EPSI sequences that
usually encode one spatial dimension) and uses echo shifting
(of different excitations) for additional spectral encodings.
Alternative sampling trajectories to acquire S2 include spiral
trajectories as shown in Figure 5(b).

Image Reconstruction

Assuming S1 = {s1(km, tn)}M1,N1
m,n=1 and S2 = {s2(k̂m, t̂n)}M2,N2

m,n=1, it
is understood that: (i) {tn}N1

n=1 sample the FID period in high
resolution while {t̂n}N2

n=1 sample the FID period sparsely and
(ii) {km}M1

m=1 cover only a limited portion of k-space while
{k̂m}M2

m=1 cover the entire desired region of k-space (to provide
the desired spatial resolution). With these two complementary
datasets, SPICE reconstructs ρ̃(r, t) using a two-step method:
(i) determination of the temporal basis from S1 and (ii)
determination of the spatial coefficients from S2, while more
sophisticated joint estimation schemes can also be used.

If the B0 field inhomogeneity ΔB0(r) is negligible, estimation
of the temporal basis (or temporal subspace), {vl(tn)}L

l=1 for
n = 1, 2, . . . , N1, from S1 is fairly easy. For instance, a set of
{vl(tn)}L,N1

l,n=1 can be obtained by performing a singular value
decomposition (SVD) of the Casorati matrix formed from
{s1(km, tn)}M1,N1

m,n=1. However, ΔB0(r) can be very significant in
practical experiments. Therefore, we need to first remove or
reduce its effects on S1 for accurate subspace estimation.
The challenge specific to this problem is the limited k-space
coverage for S1. To address this challenge, we correct the
field inhomogeneity by performing the following regularized
reconstruction:

ρ̂ = arg min
ρ

||s1 − Ω1FB{ρ}||22 + λ1R(ρ), (19)

where the || · ||22 term measures the data consistency of a recon-
struction; R(·) is a regularization functional with regularization
parameter λ1; ρ̂, a field corrected reconstruction; s1, a vector
containing data from S1; Ω1, a sampling operator for the
limited k-space coverage for S1; and FB, a Fourier encoding
operator including the B0 field inhomogeneity effects described
in equation (1). Different regularization terms can be used for
R(·) to incorporate prior information about ρ, e.g., in the
form of a weighted-	2 norm using prior structural information
from anatomical imaging.17,18 Note that for the field correction
scheme in equation (19), we assume that an accurate ΔB0(r)
map can be acquired during the MRSI experiment. After cor-
rection, a set of corrected data, denoted as {ŝ1(km, tn)}M1,N1

m,n=1, is
then generated from ρ̂ and used to form an M1 × N1 Casorati
matrix C({ŝ1(km, tn)}M1,N1

m,n=1) as in equation (18). The SVD is
then applied to this matrix and its L principal right singular
vectors are chosen as the estimated temporal basis, denoted as
{v̂l(tn)}L,N1

l,n=1.
With the temporal basis determined, the spatial coefficients,

{ul(rm)}L
l=1, can be estimated from the sparse data in S2 by

solving a regularized least-squares problem. For simplicity,
assuming N = N1 and M = M2, we rewrite {ρ̃(rm, tn)}M,N

m,n=1 =
{∑L

l=1 ul(rm)v̂l(tn)}M,N
m,n=1 as UV̂ (with U ∈ C

M×L and V̂ ∈
C

L×N being two rank-L matrices such that Uml = ul(rm)

and V̂ln = v̂l(tn)). Accordingly, the spatial coefficients can
be determined by solving

Û = arg min
U

||s2 − Ω2FB{UV̂}||22 + λ2Ψ (U, V̂), (20)

where s2 denotes the vector containing all the data in S2,FB
represents the Fourier encoding operator as in equation (19),
Ω2 represents the (k, t)-space sampling operation used for
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Figure 4. Two example sequences for acquiring S1. (a) A CSI sequence and the resultant sampling trajectory. (b) An EPSI sequence and the resultant
sampling trajectory
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Figure 5. Two example sequences for acquiring S2. Two spatial directions are encoded simultaneously during each FID (along with spectral encoding)
using (a) an EPI-like trajectory or (b) a spiral trajectory. Additional spectral encodings are obtained through echo shifting (separated by t1 as shown in the
sequence diagrams)

acquiring S2, and Ψ (·) is a regularization functional with
parameter λ2. There are many choices for Ψ (·) to incor-
porate prior information about ρ̃(r, t) or ρ(r, f ) (includ-
ing both quadratic and sparsity-promoting penalties18–21).
For instance, Ψ (U, V̂) = ||WDUV̂||2F , where D is a finite
difference operator and W contains edge weights derived
from high-resolution anatomical images.18 Integrating this
	2-regularization term into equation (20) yields a problem
equivalent to solving a system of linear equations that can be
done efficiently using various algorithms, such as the linear
conjugate gradient method.22 The entire processing pipeline
for SPICE is summarized in the flow chart in Figure 6.

Discussion

The spectral bandwidth and spatial resolution of a SPICE
reconstruction can be characterized by analyzing the spectral
property of the temporal basis and the resolution property of
the spatial coefficients, respectively. The spectral bandwidth
of the temporal basis is determined by the temporal sam-
pling rate of S1, while the resolution of the spatial coefficients
is determined by the k-space coverage of S2. In practice,
spatial regularizations are often used for improved spatial
coefficient estimation. If a weighted-	2 regularization is used in
equation (20), the resultant linear spatiospectral reconstruction
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Figure 6. SPICE processing flow chart
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Figure 7. SPICE reconstruction from an in vivo dataset. (a) Anatomical image. (b) NAA map obtained by the conventional CSI method (24 × 24 spatial
encodings, 9.2 mm in-plane resolution, 15.3 min scan). (c) NAA map obtained by SPICE (112 × 112 spatial encodings, 2.0 mm in-plane resolution, 15.7
min scan). (d) A representative spectrum from the marked pixel. The labeled peaks are due to NAA, Cr, Cho, glutamate/glutamine (Glx), and myo-inositol
(mI)

can be expressed as ρ̂(r, f ) = ∫
ρ(r′, f )h(r, r′)dr′, where ρ(r, f )

is the true spatiospectral function and h(r, r′) is the so-called
spatial response function (SRF)18 (which can be spatially vary-
ing). Accordingly, the resolution property of ρ̂(r, f ) can be
characterized by analyzing h(r, r′). If an 	1 regularization is
used, the resolution analysis is much more difficult owing to
the nonlinear reconstruction process. However, it is possible
to construct locally quadratic approximations for calculating a
series of local response functions to analyze resolution, which
would be interesting to pursue in future research.

The SNR of SPICE reconstructions can be characterized
by analyzing the noise properties of the estimated temporal
basis and spatial coefficients. With a properly chosen model
order, the power of the noise in the estimated temporal basis is
determined by the noise inS1, which can be easily characterized
based on SVD. The power of the noise in the estimated spatial
coefficients is determined by the noise in S2, which can be
characterized using standard variance analysis if the spatial
coefficients are determined by solving a least-squares problem
as in equation (20). In general, S2 is collected in a rapid scan
with significantly higher readout bandwidths, therefore the

effects of the noise in S2 are often dominant in the final SPICE
reconstructions.

For 1H spectroscopic imaging, suppression or removal of the
nuisance signals (water and lipid signals) is necessary, which
has been well studied for CSI and EPSI acquisitions.23–26

SPICE samples (k, t)-space sparsely for efficient spatiospec-
tral encoding, thus, specialized nuisance signal suppression or
removal methods need to be developed. We have developed a
nuisance signal removal method to address this issue using a
novel union-of-subspaces model.27 Our method exploits the
PS properties of both the nuisance and the metabolite signals
and has enabled accurate estimation and effective removal of
the nuisance signals from 1H-MRSI data of the brain that have
limited and/or sparse (k, t)-space coverage.

Figure 7 shows a set of SPICE reconstruction results from
an in vivo dataset collected on a 3T scanner. The SPICE acqui-
sition was 15.7 min, including a 3.8 min CSI acquisition with
12 × 12 spatial encodings and a 11.9 min EPSI acquisition
with 112 × 112 spatial encodings (2.0 mm nominal in-plane
resolution) averaged four times. The rest of the imaging
parameters were 10 mm slice thickness, 220 mm × 220 mm
FOV, 1600/30 ms TR/TE, 2000 Hz readout bandwidth for the
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CSI scan, and 100 kHz readout bandwidth for the EPSI scan.
Water suppression enhanced through T1 effects (WET) pulses23

were used for water suppression and outer-volume-suppression
pulses were used for lipid suppression. For comparison, another
CSI dataset was collected in roughly the same acquisition time
with 24 × 24 spatial encodings (9.2 mm nominal in-plane res-
olution) and the corresponding results were obtained using a
conjugate phase reconstruction.28 As can been seen, the NAA
map obtained by the conventional CSI method (Figure 7b)
has significant blurring artifacts, while SPICE achieved both
high-spatial resolution and good SNR as shown by the NAA
map (Figure 7c) and the representative spectrum (Figure 7d).
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