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Improved simultaneous multislice magnetic resonance imaging
using total variation regularization∗
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Controlled aliasing in parallel imaging results in higher acceleration (CAIPIRINHA) for simultaneous multislice
imaging has been proposed recently, which combines multiband excitation and phase cycling techniques to reduce scan
time and improve subsequent imaging reconstruction. In this work, the total variation (TV) regularization method is used
to further improve CAIPIRINHA. The TV regularization uses an edge-preserving prior, which establishes a relationship
between neighboring pixels for image reconstruction. It reduces artifacts and suppresses noise amplification simultaneously.
The results are presented with a standard eight-channel head coil with an acceleration factor of 4, where the TV-regularized
CAIPIRINHA generates an improved reconstruction as compared with a typical nonregularized CAIPIRINHA.
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1. Introduction
Data acquisition time of magnetic resonance imaging

(MRI) is one of the most important considerations for clin-
ical practice. Parallel imaging is a widely used method for
scan acceleration; however, it features intrinsic signal-to-noise
ratio (SNR) loss due to the reduced data collection.[1–5] Simul-
taneous multislice imaging (SMS) is a promising fast imaging
technique, which utilizes a multiband radio frequency (RF)
pulse to excite multiple slices simultaneously.[6–8] Because of
increased slice-field of view (FOV), the SMS has a better SNR
performance as compared with typical parallel imaging tech-
niques. For image reconstruction, the SMS utilizes the inher-
ent spatial sensitivities of multichannel coils to separate the
simultaneously excited multiple slices. However, its perfor-
mance is strongly dependent on the geometry of the coil array.
It is difficult to separate slices that have close coil sensitivity
profiles, which lead to the SNR and aliasing artifacts decreas-
ing significantly.

The SMS technique has become popular since controlled
aliasing in parallel imaging results in higher acceleration
(CAIPIRINHA) was proposed in 2005.[9] Using the phase cy-
cling technique,[10–12] the simultaneously excited slices shift
different spatial distances, thus modifying the appearance of
the aliasing artifacts, which reduces their dependence on the
coil array geometry. Therefore, the reconstructed images pro-
duced by CAIPIRNHA show larger SNR and reduced aliasing
artifacts as compared with the images generated from the orig-
inal parallel imaging method. Recently, a conjugate gradient
(CG) iteration reconstruction framework has been developed

for the CAIPIRINHA technique.[13] However, the images pro-
duced by the CG method without regularization still contain
notable aliasing artifacts and noise contamination.

In the recent decades, regularization methods have been
widely used in parallel imaging both in image domain and in
k-space domain. Two most widely used regularization meth-
ods are Tikhonov regularization and total variation (TV) reg-
ularization. The Tikhonov regularization has been extensively
investigated primarily due to the existence of a closed-form
solution. However, it is more suitable for k-space domain.[2]

The TV regularization has been widely used in image-domain
reconstruction, such as SENSE, because it is an image edge-
preserving regularization method for imposing a relationship
between neighboring pixels in images.[3,14] At the same time,
the noise in the reconstructed images can also be effectively
suppressed.

In this study, the TV regularization method is introduced
and applied to CAIPIRNHA reconstruction. In-vivo data re-
sults demonstrate that TV regularization is a powerful tech-
nique for suppressing noise, maintaining fine imaging details,
and reducing aliasing artifacts.

2. Theory
2.1. Conventional multislice CAIPIRNHA

The CAIPIRNHA technique modifies the appearance of
the simultaneously excited multislice images by phase cycling
technique. It can be easily implemented using designed multi-
band RF pulses with different RF phase modulations between
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all the excited slices. Thus, each excited slice shifts different
distances in the image domain.

Without loss of generality, we assume a two-fold scan
time reduction (i.e., simultaneously excite two slices) with an
N-coil receiver array. For the first slice, the RF phases are kept
identical and its j channel image is the discrete inverse Fourier
transformation of the underlying discrete k-space signal S1, j as

I1, j(x,y) =
M/2−1

∑
m=−M/2

N/2−1

∑
n=−N/2

S1, j(m∆kx,n∆ky)

× exp(im∆kxx)exp(in∆kyy), j = 1, . . . ,N, (1)

where ∆kx = 2π/FOVx (∆ky = 2π/FOVy) represents the dis-
tance between M(N) equidistantly sampled k-space points in
the x (y) encoding direction, and index m (n) is the actual en-
coding step.

For the second slice, the RF phases increase linearly.
Thus, like the well-known Fourier shift theorem, a spatial shift
of ∆y in the phase encoding direction can be expressed as

I2, j(x,y−∆y)

=
M/2−1

∑
m=−M/2

N/2−1

∑
n=−N/2

[S2, j(m∆kx,n∆ky)exp(−in∆ky∆y)]

× exp(im∆kxx)exp(in∆kyy). (2)

Then, the folded image acquired in practice can be ex-
pressed as the summation of Eqs. (1) and (2) as

Ĩ j(x,y) = I1, j(x,y)+ I2, j(x,y−∆y)

= C1, j(x,y)ρ1(x,y)+C2, j(x,y−∆y)ρ2(x,y−∆y), (3)

where C1, j and C2, j are the coil sensitivity profiles of the two
slices, and ρ1 and ρ2 are the spin densities of the two slices,
respectively. The spatial shift ∆y changed the folded positions
of the simultaneously excited two slices. It can increase dif-
ference between the two coil sensitivities at the same pixels
within the folded image. This modification is beneficial to the
unfolded procedure, such as SENSE. If we know the coil sen-
sitivity profile, the two-slice image can be reconstructed us-
ing the CG iteration reconstruction algorithm. In addition, the
SNR of the final image can be expressed as

SNRCAIPIRNHA =
√

NS
SNR
g
√

R
, (4)

where NS is the number of slices, g is the geometry factor,
and R is the acceleration factor. The resulting SNR of the
CAIPIRNHA is at least

√
NS times that of the traditional par-

allel imaging with the same acceleration factor.

2.2. TV-regularized MS CAIPIRNHA

The images reconstructed from the traditional unfolded
algorithm (CG) still contain notable noise and aliasing arti-
facts when large acceleration factor is needed. TV regulariza-
tion is introduced for better eliminating the aliasing artifacts
and suppressing the noise amplification.

A TV-regularized reconstruction framework is proposed
as follows:

fTV = arg
f

min
{
‖E f −d‖2

2 +λ ‖ f‖TV

}
, (5)

where f is the unfolded image and d is the acquired k-space
data from all the channels, E is the spatial encoding matrix
combined with gradient and coil sensitivity encodings and the
matrix element is as follows:

Er,c = Cns, j(x,y−∆y)exp(in∆ky∆y)

× exp(−im∆kxx)exp(−in∆kyy), (6)

where Cns, j is the coil sensitivity profile of the NS slice and j
channel. This presentation is based on forward Fourier trans-
formation, while in the previous section the inverse Fourier
transformation was used. However, they are equivalent to each
other with the same physical nature.

The second term on the right-hand in Eq. (5) is the TV
regularization term, which is defined as a function of the im-
age gradient

λ ‖ f‖TV = λ ∑

√
|∇x f |2 +

∣∣∇y f
∣∣2, (7)

where ∇x and ∇y denote the gradients along the x and y di-
rections in the 2D image, respectively, and | | denotes the
complex modulus. λ is the TV regularization parameter.

Using the TV regularization term is based on the fact that
highly oscillating noise and irregular folded artifacts often in-
crease the TV value of an image. The λ is the parameter to
find the balance between the first least-square norm and the
second TV term, and its value can be estimated by the L-curve
method,[15,16] or can be simply generated from the automatic
search method.

3. Materials and methods
For identifying the effects of TV regularization on the

CAIPIRNHA, in-vivo data were acquired from human brain of
a healthy volunteer on a Philips 3T MRI scanner using a nor-
mal spin-echo sequence. Written informed consent approved
by the Institutional Review Board was obtained prior to his
participation. Imaging parameters were as follows: TR/TE =
490 ms/11.6 ms, matrix size = 256 × 196, field of view =
230 mm × 198 mm, number of slices = 18, slice thickness =
4 mm, and slice gap = 1 mm. The imaging data were acquired
with an eight-channel head coil.

Simultaneously excited data were derived from the sum-
mation of four slices (these slices were chosen from the ac-
quired 18 slices: the 1st, 3rd, 8th, and 10th slices) with differ-
ent phase cycles: 0, π/2, π , 3π/2. Figure 1 shows two channel
images.
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Coil sensitivity profiles of the four excited slices were ob-
tained by the self-calibration method using 48 phase-encoding
lines at the center of their k-space.[15] Then, a fixed-point it-
eration algorithm was used to solve the nonlinear minimiza-
tion problem of Eq. (5). All the data processing was imple-
mented in MATLAB 2012a (64 bit; Mathworks, Natick, Mas-
sachusetts, USA) on an i7 type Intel CPU. In addition, CG it-
eration reconstruction was also implemented for comparison.

For quantitative comparison, the normalized mean
squared error (NMSE) is defined as the normalized square of
the difference between the reconstructed image (Irec) and the
reference standard image (ISOS: it was obtained by the sum-of-
square (SOS) method for each single acquired slice). There-
fore, the NMSE is expressed as follows:

NMSE =

∑
(x,y)
||Irec(x,y)|− |ISOS(x,y)||2

∑
(x,y)
|ISOS(x,y)|2

. (8)

(a) (b)

Fig. 1. (a) and (b) Two channel images of the simultaneously excited
image-domain data with an acceleration factor R = 4.

4. Results and discussion

The first three rows in Fig. 2 show four slices produced
by the SOS, CG, and TV reconstruction methods. The same
regions in all the images are amplified for better comparison.
Noise can be seen in the images by CG reconstruction, and the
images using TV-based reconstruction have almost the same
image quality as that of the standard SOS images.

The error maps calculated by the two equations: ErrCG =

|ICG− ISOS| and ErrTV = |ITV− ISOS| are shown in the fourth
and fifth rows in Fig. 2. They are normalized and displayed
with the same color scale. The intensities of noise and arti-
facts are smaller and lower in the TV images than in the CG
images.

The NMSE values are shown in Fig. 3, showing the total
errors of the TV and CG images. It can be seen that the NMSE
values of the TV images are always lower than those of the CG
images.

slice 1 slice 2 slice 3 slice 4

ISOS

ICG

ITV

ErrCG

ErrTV

Fig. 2. (color online) Imaging results produced by SOS (1st row), CG
(2nd row), and TV (3rd row) reconstruction methods, and error maps of
CG (4th row) and TV (5th row) reconstructed images and their values
are normalized and displayed with the same color scale.
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Fig. 3. (color online) NMSE lines of the CG and TV methods.

In this study, the simulated multislice data are used for
image reconstruction. Though the simulated data may be
slightly different from the real data, it still provides important
information for comparing the two reconstruction methods.
Besides, it is easy to quantitatively compare the two recon-
struction methods since the standard images are known from
the simulated data. In our further studies, we will compare the
two reconstruction methods for the real data.

The CAIPIRNHA technique has largely improved the im-
age quality compared with the traditional parallel imaging.[2,9]

In this work, we find that the image quality of TV-regularized
reconstruction for CAIPIRNHA is much better than that of

118701-3



Chin. Phys. B Vol. 26, No. 11 (2017) 118701

CG reconstruction. However, equation (5) is a nonlinear min-
imization problem that requires a longer computation time to
be solved by the TV reconstruction than by the CG method.
The CG reconstruction needs 14.7 s for 80 iterations and the
TV reconstruction needs 54.5 s for 20 iterations. To realize
real-time calculation in our future work, advanced tools, such
as Compute Unified Device Architecture (CUDA) programing
based on Graphics Processing Unit (GPU), can be used.

Initial values are crucial for the non-linear TV reconstruc-
tion. In this study, we employ the zeros-filled data with 48
center k-space lines, which is used for coil sensitivity calcula-
tion, as the initial images for reconstruction. With this initial
image, less iterations are needed and more accurate results are
obtained.

In addition, the selection of a proper TV regularization
parameter λ still needs further investigating.[11] Here, we em-
ploy an automatic search method to find the best TV regular-
ization parameter that is accurate but needs time.

To further accelerate the MR data acquisition, the
CAIPIRNHA technique can be combined with the typical par-
allel imaging method. The proposed TV regularization can
also be applied to this case.

In addition, more data with different image contrasts can
be employed to further test the TV-regularized CAIPIRNHA.

5. Conclusions
In-vivo data results demonstrate that our proposed TV

regularization method is significant in the reconstruction of
simultaneous multislice images with improved SNR and re-
duced aliasing artifacts as compared with the traditional non-
regularized method.
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