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Purpose: Rapid acquisition scheme and parameter estimation method are pro-
posed to acquire distortion-free spin- and stimulated-echo signals and combine
the signals with a physics-driven unsupervised network to estimate T1, T2, and
proton density (M0) parameter maps, along with B0 and B1 information from the
acquired signals.
Theory and Methods: An imaging sequence with three 90◦ RF pulses is uti-
lized to acquire spin- and stimulated-echo signals. We utilize blip-up/-down
acquisition to eliminate geometric distortion incurred by the effects of B0 inho-
mogeneity on rapid EPI acquisitions. For multislice imaging, echo-shifting is
applied to utilize dead time between the second and third RF pulses to encode
information from additional slice positions. To estimate parameter maps from
the spin- and stimulated-echo signals with high fidelity, 2 estimation meth-
ods, analytic fitting and a novel unsupervised deep neural network method, are
developed.
Results: The proposed acquisition provided distortion-free T1, T2, relative pro-
ton density (M0), B0, and B1 maps with high fidelity both in phantom and in
vivo brain experiments. From the rapidly acquired spin- and stimulated-echo
signals, analytic fitting and the network-based method were able to estimate T1,
T2, M0, B0, and B1 maps with high accuracy. Network estimates demonstrated
noise robustness owing to the fact that the convolutional layers take information
into account from spatially adjacent voxels.
Conclusion: The proposed acquisition/reconstruction technique enabled
whole-brain acquisition of coregistered, distortion-free, T1, T2, M0, B0, and B1

maps at 1× 1× 5 mm3 resolution in 50 s. The proposed unsupervised neural
network provided noise-robust parameter estimates from this rapid acquisition.

K E Y W O R D S

distortion correction, multicontrast MRI, quantitative MRI, stimulated echo, unsupervised
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1 INTRODUCTION

In MRI, signal intensity can be formulated in terms of
biophysical parameters, such as longitudinal T1 relax-
ation, transverse T2 relaxation, and proton density (PD);
and imaging parameters such as TE, TR, and flip angle
(FA). Quantification of the biophysical parameters from
acquired signals enables advanced characterization of the
tissue, which improves clinical diagnosis and informs lon-
gitudinal studies.1–16

Estimation of these biophysical parameters typically
requires multiple measurements with various scan settings
such as TI, TE, TR, and FA.17–20 The excessive imaging
time required to make multiple acquisitions hampers the
clinical application and translation of quantitative imag-
ing. Whereas vulnerable patient populations (pediatric,
elderly, acutely ill) may fail to comply with long imaging
times, such lengthy acquisitions also increase the vul-
nerability to subject motion, resulting in potential esti-
mation errors and misregistration between the estimated
parameters.

There have been efforts toward rapidly estimating 1 or
more MR parameters with single-type acquisition. Multi-
ple spin-echo techniques21,22 acquire multiple spin echoes
with different TE within a single TR by applying sev-
eral refocusing pulses, which help shorten imaging time
for T2 estimation. However, these T2 values may suffer
from overestimation due to the stimulated and indirect
echo present in the later echoes. T2 estimation with mul-
tiple spin-echo signals, except the first echo signal, could
mitigate the overestimation but still the overestimation
appears. Bloch simulation–based echo-modulation curve
fitting improves estimation accuracy, but it leads to a sig-
nificant increase in the computation time. Double-echo

steady state (DESS)23 estimates a T2 map using simulta-
neously acquired steady-state free precession (SSFP)-FID
and echo signals. There is a tradeoff between estimation
accuracy and SNR of the acquired signal with respect
to FA, and additional higher-order SSFP-FID acquisi-
tion is required to eliminate the tradeoff.24 Optimized
diffusion-weighted DESS with Cramér–Rao lower bound25

has enabled simultaneous mapping of PD, T1, T2, and dif-
fusion coefficient. These nonbalanced SSFP-based meth-
ods are highly sensitive to physiological motion disrupting
the steady state. Inversion recovery TrueFISP26 extracts T1,
T2, and PD from the signal time course sampled with a
series of balanced SSFP images after spin inversion. MR
fingerprinting27 collects the data by varying acquisition
parameters such as FA, TR, TE, and sampling patterns
in a pseudorandom manner. The estimation of the multi-
ple tissue parameter is achieved through pattern recogni-
tion. MR spin tomography in time domain (MR-STAT)28

employs a coupled space–time model formulating rela-
tionship between the time-varying signal and the physics
of the experiment. It unifies the image reconstruction
and parameter estimation into 1 process. Quantifica-
tion of relaxation times and proton density by twin-echo
saturation-recovery turbo-field echo (QRAPTEST)29 deter-
mines T1, T2, PD, and B1 field inhomogeneity using a
single sequence in which each excitation is followed by 2
separate echoes. Quantitative imaging using configuration
states (QuICS)30 utilizes several SSFP images with vary-
ing RF spoiling, FA, and spoiling gradients for estimating
T1, T2, and PD, as well as diffusion coefficient and B1 field
inhomogeneity.

Single-shot double-echo EPI31 acquires spin- and
stimulated-echoes and proposes to manipulate T1 and T2
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contrast using 3 RF pulses. Single-shot spin- and stim-
ulated EPI (ss-SESTEPI)32 utilizes the T1 manipulation
property of this 3-pulse sequence for T1 estimation. A
limitation of the single-shot spin- and stimulated EPI
method is that T1 estimation accuracy depended on the
mixing time (TM), the time interval between the sec-
ond and the third RF pulses, and potential errors in
B1 correction from a minimum TM prescan can propa-
gate into the T1 estimate. Stimulated echo–based map-
ping (STEM)33 performs estimation of T1, T2, and dif-
fusion coefficient from stimulated echo signals and uses
a protocol optimized with respect to the Cramér–Rao
lower bound. In STEM, all parameters were entangled
in 1 stimulated echo signal. Long TM optimized to cre-
ate sufficient T1 decay resulted in longer imaging time.
Multiplexed echo-shifted multiband excited and recalled
imaging STEAM encoded diffusion (MESMERISED)34

acquired spin- and stimulated-echo signals from a 3-pulse
STEAM sequence and introduced echo-shifting for effi-
cient acquisition. MESMERISED estimated diffusion coef-
ficient, T1, T2, and B1 by changing b value, TM, TE, and
FA, respectively, and showed more efficient and higher
precision T1 estimation from stimulated-echo/spin-echo
ratio images compared to stimulated-echo images only.
In MESMERISED, each parameter map was obtained by
independent acquisitions rather than simultaneously. In
addition, single-shot spin- and stimulated EPI, STEM, and
MESMERISED were based on EPI acquisition; hence, they
suffered from geometric distortion.

For parameter estimation, the majority of the con-
ventional methods extract the tissue parameters from the
acquired signals using dictionary matching or optimiza-
tion based on signal models.22,35,36 Along with the advent
of deep learning for MRI research in image reconstruction,
analysis, and processing, parameter estimation methods
using the neural networks have been proposed for fast
and accurate relaxometry.37–41 The supervised learning
method requires a large amount of training data. How-
ever, it may be difficult to obtain high-quality training data,
including ground truth in the clinical field. If the training
data are simulated, disagreement between the actual data
and the simulated training data might be problematic.

In this study, the imaging sequence with three
90◦ RF pulses is utilized to rapidly acquire spin- and
stimulated-echo signals for MR parameter estimation of
T1, T2, M0, and B1. We change TE and TM together so
that the signal is a function of both T1 and T2 relax-
ations. Single-shot EPI is used for rapid data acquisition.
Two opposite phase-encoding polarities are used for esti-
mating B0 field inhomogeneity and eliminating geometric
distortion, which hinders EPI from being used for quan-
titative MRI. We incorporate the echo-shifting approach
proposed in MESMERISED to ensure high sampling

efficiency. Because we do not employ diffusion encod-
ing in this work, we refer to this acquisition approach as
blip-up/-down acquisition (BUDA)-MESMERISE. In addi-
tion, 2 parameter estimation methods, such as analytic
fitting and unsupervised parameter estimation with a deep
neural network, are performed to robustly estimate the MR
parameters.

2 THEORY

2.1 Signal model

The proposed mapping of T1, T2, PD, and B1 inhomogene-
ity is based on spin- and stimulated-echo signals acquired
in quick succession. The imaging sequence with three 90◦
RF pulses is used for spin- and stimulated-echo acqui-
sition, as shown in Figure 1A. The first RF pulse flips
magnetization to the transverse plane. Before the second
RF pulse, the transverse magnetization experiences T2
decay and free precession. The second 90◦ pulse rotates
the dephased magnetization around the B1 field direction.
This leads to partial refocusing of magnetization, and the
amplitude of the partial spin echo becomes half of the
magnetization that was tipped into the transverse plane
by the first pulse. A subpopulation is converted to lon-
gitudinal magnetization after the second RF pulse. The
longitudinal magnetization is converted back to transverse
magnetization after the third RF pulse. This subpopulation
is refocused following the third pulse after a time equal to
the period between the first and the second RF pulses, that
is, half of the TE.

In the proposed method, the spin-echo sig-
nal is acquired after the second RF pulse, and the
stimulated-echo signal is acquired after the third RF pulse.
To encode the spin- and stimulated-echoes, single-shot
EPI is used for rapid acquisition and simplification of
signal models. The acquired spin- and stimulated-echo
signals are formulated as follows:

SSE = M0 ⋅ sin
(
𝛼B1 ⋅

𝜋

2

)
⋅ sin2

(
𝛼B1 ⋅

𝜋

4

)
⋅ e−

TE
T2 (1)

SSTE = 1
2
⋅ M0 ⋅ sin3

(
𝛼B1 ⋅

𝜋

2

)
⋅ e−

TM
T1 ⋅ e−

TE
T2 , (2)

where TM is the period between the second and the third
RF pulses, and αB1 represents the ratio between actual FA
and nominal FA of 90◦.

In order to estimate the tissue parameters, multiple
acquisitions are made while changing the values of TE and
TM. As the TM increases, the remaining time in TR for
Mz recovery decreases. Therefore, signal intensity, except
for the first acquisition, is affected by effective TR in the
proposed imaging sequence as follows:
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(A)

(B)

a

b

c

F I G U R E 1 (A) The pulse sequence and phase diagram of the proposed method. Both spin echo and stimulated echo are acquired using
an EPI readout. (B) Sequence diagrams without interleaving or echo-shifting (a), with interleaving (b), and with interleaving and
echo-shifting (c). Number of slices acquired in 1 TR are 1 (a), 2 (b), and 6 (c), respectively

TReff = TR − TE
2

− TM. (3)

Accordingly, the acquired signal is represented as follows:

SSE = M0 ⋅
(

1 − e−
TReff

T1

)
⋅ sin(

𝛼B1 ⋅
𝜋

2

)
⋅ sin2

(
𝛼B1 ⋅

𝜋

4

)
⋅ e−

TE
T2

(4)

SSTE = 1
2
⋅ M0 ⋅

(
1 − e−

TReff
T1

)
⋅sin3

(
𝛼B1 ⋅

𝜋

2

)
⋅ e−

TM
T1 ⋅ e−

TE
T2

. (5)

The detailed signal formation and effective longitudinal
recovery for the following acquisition are derived in Sup-
porting Information.
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2.2 Blip-up/blip-down acquisition
(BUDA)

In EPI, the presence of local magnetic field inhomogene-
ity leads geometric distortion. In order to eliminate these
distortions, we adopt BUDA.42,43 BUDA acquires 2 shots
of EPI with opposite phase-encoding directions. When
the direction of the phase encoding is reversed, geomet-
ric distortion occurs in the opposite direction, as shown
in Figure 2. With 2 opposite-polarity images, B0 field
inhomogeneity map can be estimated using techniques
such as FSL topup.44,45 Acquired k-space data of each
shot is first processed individually with POCSENSE,46

and then ΔB0 estimation is carried out using the recon-
structed images. BUDA reconstruction incorporates the
estimated field inhomogeneity into the parallel imaging
forward model and employs a Hankel structured low-rank
constraint.47–50 The forward model represents data consis-
tency that the acquired data should match the distorted
data synthesized with the estimated field inhomogene-
ity and the distortion-free image to be estimated. The
Hankel structured low-rank constraint exploits similari-
ties between the opposite-polarity images while mitigating
potential shot-to-shot phase variations. The BUDA recon-
struction is represented as follows:

min
Iu,Id

‖FuEuCIu − ku‖2
2 + ‖FdEdCId − kd‖2

2

subject to rank((I)) = r,
(6)

where Fu and Fd are the Fourier operators for under-
sampled blip-up and blip-down acquisitions, respectively;
Eu and Ed are the geometric distortion operators due to
field inhomogeneity in blip-up and blip-down acquisi-
tions, respectively; C are the coil sensitivities estimated
from distortion-free gradient-echo calibration data using
ESPIRiT51; Iu and Id are the distortion-free images; ku and
kd are k-space data for blip-up and blip-down acquisitions,

respectively; I is the set of distortion-free images,
[
[Iu]
[Id]

]
;

(⋅) is the block-Hankel representation; and || ⋅ ||2 is l2
norm operator. 5× 5 block is used for the block-Hankel
representation. The block-Hankel representation is imple-
mented by consecutively selecting 5× 5 neighboring
points in k-space data of each shot and then concatenating
them in the column dimension. Λ is regularization param-
eter, r = ⌊1.25 × (number of block elements)⌋ = 31 in our
experiment.

2.3 Echo-shifting acquisition

Whereas using a larger TM increases T1 sensitivity, it
also increases the dead time between the second and

the third RF pulses, which reduces the acquisition effi-
ciency. We incorporate the MESMERISED echo-shifting
approach34 to ensure high acquisition efficiency. During
the dead time, data acquisition of different slice starts as
shown in Figure 1B. Concerning the stimulated echo of
the first slice, the magnetization that would form the stim-
ulated echo is stored as longitudinal magnetization after
the second RF pulse. The longitudinal magnetization is
not affected by RF pulse of the different slice and gradi-
ent field. Therefore, echo-shifting acquisition can be per-
formed during the dead time without interference between
different slices,34 as also shown in Results. We refer to
the number of the echo-shifted slices as the echo-shift
factor, as in MESMERISED, although it is technically
different from standard echo-shifting approaches, which
achieve TE>TR.52,53 Because the proposed sequence is
composed of 90◦ pulses and does not utilize high-energy
180◦ inversion or refocusing pulses, specific absorption
rate (SAR) and RF amplitude are relatively benign com-
pared with inversion recovery-prepared sequence for
T1 estimation and spin-echo– or turbo-spin-echo–based
sequence for T2 estimation. For this reason, the SAR
burden of the proposed method is comparatively low
even when densely packed acquisition and multiband
excitation are used. Accordingly, high multiplicative
(echo-shift factor)×(multiband acceleration factor) can be
achieved.

2.4 Parameter estimation

The spin-echo signal is formulated by M0, αB1, and expo-
nential decay of T2 modulated by TE in Equation (1); and
stimulated-echo signal is affected by M0, αB1, exponen-
tial decay of T2 modulated by TE, and exponential decay
of T1 modulated by TM in Equation (5). We introduce
2 methods for estimating T1, T2, M0, and αB1. The first
approach is an analytic method with dictionary matching,
whereas the second approach uses unsupervised neural
network–based optimization.

2.4.1 Analytic fitting

In the signal ratio between stimulated echo and spin echo,
T2 decay effect and PD component are eliminated. The
ratio follows simple exponential T1 decay with respect to
TM, as follows:

SSTE

SSE
= 1

2
⋅

⎧⎪⎨⎪⎩
sin

(
𝛼B1 ⋅

𝜋

2

)
sin

(
𝛼B1 ⋅

𝜋

4

)
⎫⎪⎬⎪⎭

2

⋅ e−
TM
T1 . (7)
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F I G U R E 2 Schematic diagram of blip-up/down acquisition and reconstruction.

T1 and αB1 are estimated from the above ratio. From
the signal evolution with various TM values, T1
and {SSTE/SSE}TM = 0 can be estimated. The value of
{SSTE/SSE}TM = 0, which equals to (1/2)⋅{sin(αB1⋅𝜋/2)/
sin(αB1⋅𝜋/4)}2, and 𝛼B1 have a monotonic relation when
αB1 is in the range of [0, 2], as shown in Figure 3. The
monotonic relation enables us to determine αB1 from the
estimate {SSTE/SSE}TM = 0. The estimates are obtained by
projection-based dictionary matching that is established
based on the Bloch equation as follows:

arg max
d1×n∈D

d ⋅ S||d||2 (8)

{
SSTE

SSE

}
TM=0

= d × ST

||d||22 , (9)

where d denotes the signal vector of 1×n in dictio-
nary; S denotes the measured signal vector of 1×n;
n is the number of acquisitions; and D is the dictio-
nary of the signal vectors. With the prior knowledge
that B1 field is spatially smooth, estimated αB1 can be
refined by polynomial fitting, and T1 can be re-estimated
using the polynomial fitted αB1 to improve the estimation
performance.

The estimated T1 and αB1 values are plugged in the
spin- and stimulated-echo signal equation, which now
only contains T2 and M0 unknowns and follows a simple
exponential decay with respect to TE.

S′
SE = SSE∕

{(
1 − e−

TReff
T1

)
⋅ sin

(
𝛼B1 ⋅

𝜋

2

)
⋅ sin2

(
𝛼B1 ⋅

𝜋

4

)}
= M0 ⋅ e−

TE
T2

(10)

S′
STE = SSTE∕

{
1
2
⋅
(

1 − e−
TReff

T1

)
⋅ sin3

(
𝛼B1 ⋅

𝜋

2

)
⋅ e−

TM
T1

}
= M0 ⋅ e−

TE
T2 .

(11)
Two approaches can be considered to estimate T2 and
M0 from the spin- and stimulated-echo signals. One is
a simple M0 ⋅ exp (−TE∕T2) decay fitting with the com-
pensated signals, S′

SE and S′
STE. The other way is to fit

the SSE and SSTE signal evolutions with the dictionary
generated using the estimated T1 and αB1. We use the
latter approach because it can avoid noise amplification
caused by the division-based compensation. The over-
all process of the analytic-fitting method is shown in
Figure 3.

2.4.2 Unsupervised parameter estimation
with deep neural network

In order to exploit spatial relations between neighboring
voxels, we propose a convolutional neural network–based
parameter estimation method. A residual network,54

which is known to be easy to optimize, is utilized as the
parameter estimation network, and its detailed structure is
shown in Figure 4. In order to limit the parameter range,
the sigmoid function is used as activation function of the
last layer. Input to the parameter estimation network is a
set of spin- and stimulated-echo images for various [TE,
TM]s. The parameter estimation network produces T1,
T2, and M0 maps as its outputs. From the estimated T1,
T2, and M0 maps and the polynomial-fitted αB1 estimated
from analytic fitting, spin- and stimulated-echo signals,
SSEs and SSTEs, are synthesized by a Bloch generator that
is implemented by Equations (4) and (5). In addition, the
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(A)

(B)

F I G U R E 3 Flow chart of the analytic-fitting method for parameter estimation

stimulated-echo signal can be obtained from the spin-echo
signal by using Equation (7) as follows:

S′
STEs =

1
2
⋅ SSem ⋅

sin2
(
𝛼B1 ⋅

𝜋

2

)
sin2

(
𝛼B1 ⋅

𝜋

4

) ⋅ e−
TM
T1 . (12)

The synthesized spin-echo signal, SSes from Equation (4),
and 2 synthesized stimulated-echo signals, SSTEs from
Equation (5) and SSTEs′ from Equation (12), are compared
with the corresponding measured signals, SSEm and SSTEm,
to train the network. The differences between the input
images and the synthesized images are utilized as a loss
function of the network, thereby obviating the need for
any additional ground truth information during training
of the network weights, where the loss function is defined
as follows:

Loss = 𝜆1 ⋅ |SSEm − SSEs| + 𝜆2 ⋅ |SSTEm − SSTEs|
+𝜆3 ⋅ |SSTEm − SSTEs′ | , (13)

where λ1, λ2, and λ3 are regularizing parameters and we
use λ1 = λ2 = λ3 = 1. The Adam optimizer55 is used for

the optimization process. The proposed parameter estima-
tion method is unsupervised in the sense that the network
does not require ground truth parameter maps for train-
ing. Hence, this estimation method functions as more
of an optimization method with a deep neural network
than deep learning. The network provides noise robust-
ness through convolution layers and enforces the syn-
thesized maps to obey Bloch modeling through the loss
function.

In order to validate the proposed unsupervised param-
eter estimation with a deep neural network, we designed
a numerical phantom experiment. Supporting Infor-
mation Figure S2 reveals that the proposed estima-
tion method provides accurate estimate without ground
truth.

3 METHODS

Phantom and in vivo MRI experiments were conducted
to validate the proposed method on a 3 Tesla MRI scan-
ner (Magnetom Verio, Siemens, Germany). The proposed
rapid spin- and stimulated-echo imaging was performed
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(A)

(B)

F I G U R E 4 (A) Schematic diagram of the unsupervised parameter estimation with deep neural network. (B) Network structure used
for the proposed parameter estimation method

with 5 combinations of [TE, TM]. For each [TE, TM]
pair, 2 scans with opposite phase-encoding directions were
conducted. In order to minimize fitting noise in T1 esti-
mation, we tried to make the SNR of the signal ratio
between stimulated echo and spin echo less varying by
decreasing TM as TE increased. For coil-sensitivity esti-
mation, a gradient-echo image with short TR and short
TE was acquired. T1, T2, M0, and αB1 maps were esti-
mated from the 5 spin- and stimulated-echo images fol-
lowing the proposed parameter estimation methods. For
reference information, inversion recovery (IR)–spin echo
(SE) and IR–SE–EPI for T1 and SE and SE–EPI for T2
were applied, and the tissue parameters were estimated
by using the projection-based dictionary matching of
Equation (8).

3.1 Phantom acquisition

A carrageenan, agarose, and GdCl3 phantom56 consisting
of 12 vials with various T1 and T2 values was prepared.
Detailed imaging parameters are presented in Table 1. For
the neural network estimation, with initial learning rate
of 4× 10−5 and optimizer momentum of 0.9, 1000 epochs
took about 167 s for the estimation using GPU (Titan
X, NVIDIA, United States). For quantitative analysis, a
12-mm radius region of interest was selected for each vial.

3.2 In vivo acquisition

In vivo brain experiment was conducted with institutional
review board approval.
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300 SO et al.

T A B L E 1 Imaging parameters for single-slice phantom experiments.

Sequence FOV (mm)
Resolution
(mm)

Slice
(mm) TR (s) TE/TM/TI (ms)

BW
(Hz/Px)

ESP
(ms) ETL PF R RS

Proposed
25 s

224× 224 1× 1 5 2.5 [TE, TM] =
[120, 150],
[110, 400],
[100, 600],
[90, 800], [82, 1000]

830 1.31 84 6/8 2 ○

IR-SE
2880 s

256× 256 1× 1 5 3 TE = 12
TI = 250, 500, 750,
1000, 1250

130 - - 6/8 - -

IR-SE-EPI
150 s

256× 256 2× 2 5 30 TE = 90
TI = 250, 500, 750,
1000, 1250

832 1.27 96 6/8 - ○

SE
2880 s

256× 256 1× 1 5 3 TE= 12, 25, 50, 75, 100 130 - - - - -

SE-EPI
150 s

256× 256 2× 2 5 30 TE= 90, 100, 110, 120,
130

832 1.27 96 6/8 - ○

GRE 1.28 s 256× 256 2× 2 5 0.01 TE = 4 260 - - - - -

GRE scan is the calibration scan for coil sensitivity estimation. Abbreviations: BW, bandwidth; ESP, echo spacing; ETL, echo train length; GRE, gradient echo;
IR, inversion recovery; PF, partial Fourier; R, in-plane acceleration factor; RS, ramp sampling; SE, spin echo; TM, mixing time.

(I) Single-slice acquisition: Detailed imaging param-
eters are presented in Table 2. For the neural network
estimation, an initial learning rate of 10−4, optimizer
momentum of 0.9, and 1000 epochs were used, which
took about 167 s. Histogram analysis was used for quan-
titative comparison, thereby avoiding potential errors
due to misregistration between the estimated parameter
maps.

(II) Whole-brain acquisition: Twenty-four slices
were acquired per TR. Echo-shifting acquisition, inter-
leaved acquisition, and multiband acquisition were
combined. The echo-shift and interleave factors were
adjusted according to TE and TM while maintaining
constant TR.34 [TE, TM, echo-shift factor, interleave fac-
tor] = [120, 140, 1, 12], [110, 320, 2, 6], [100, 500, 3, 4],
[90, 750, 4, 3], [82, 1000, 6, 2] were used, and multiband
factor of 2 was utilized with blipped-CAIPIRINHA.57

Twenty-four slices without slice gap were sampled with
odd/even order slice-interleaving scheme, where data
from every other slice is acquired and then that of omit-
ted slices is obtained. The other experimental conditions
were same as those of the single slice experiment. The
effective TR changed according to the slice position due
to varying echo-shift factor and interleave factor with
single-shot EPI acquisition, as shown in Supporting Infor-
mation Figure S4. The tissue parameters, T1, T2, M0, and
αB1, were estimated from the 5 spin-echo images and 5
stimulated-echo images in a slice-by-slice manner.

4 RESULTS

4.1 Phantom experiment

Acquired blip-up/-down and distortion-corrected phan-
tom images are shown in Supporting Information
Figure S5. The proposed reconstruction with BUDA suc-
cessfully corrected geometric distortion in EPI. Signal
intensity of the 5 stimulated-echo signals were simi-
lar because TE and TM changed in opposite ways in
order to retain the SNR level. Supporting Information
Figure S6 shows spin-echo images acquired by the pro-
posed pulse sequence with TR = 30 s, where the signal
intensity was not affected by spin history, and TR = 2.5 s
case where the signal intensity was affected by the
incomplete Mz recovery. Signal difference between the
spin-echo images with TR = 30 s and TR = 2.5 s shows
that the effective TR should be considered when T2 relax-
ation time is estimated from the spin-echo data with a
short TR.

Parameter estimation results from the proposed and
conventional methods are shown in Figures 5 and 7.
Qualitative and quantitative comparisons are presented
in Figures 5 and 7A, respectively. In the results from
EPI-based methods, IR-SE-EPI, SE-EPI, and STEM, geo-
metric distortions were observed. On the contrary, geo-
metric distortion were corrected with the proposed BUDA
acquisition. The BUDA acquisition and reconstruction for
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T A B L E 2 Imaging parameters for in vivo experiments

Sequence FOV (mm)
Resolution
(mm)

Slice
(mm) TR (s) TE/TM/TI (ms)

BW
(Hz/Px)

ESP
(ms) ETL PF R RS FS

Proposed
50 s

224× 224 1× 1 5 5 [TE, M] = [120, 140],
[110, 320], [100, 500],
[90, 750], [82, 1000]

830 1.31 84 6/8 2 ○ ○

IR-SE
960 s

256× 256 2× 2 5 1.5 TE = 12 TI = 200, 400, 600,
800, 1000

130 - - - - - -

IR-SE-EPI
100 s

224× 224 2× 2 5 20 TE = 44 TI = 200, 400, 600,
800, 1000

1654 0.68 84 6/8 - ○ ○

SE
960 s

256× 256 2× 2 5 1.5 TE = 12, 40, 60, 80, 100 130 - - - - - -

SE-EPI
100 s

224× 224 2× 2 5 20 TE = 44, 60, 75, 90, 105 1654 0.68 84 6/8 - ○ ○

GRE
0.64 s

256× 256 4× 4 5 0.01 TE = 4 260 - - - - - -

Abbreviation: FS, fat suppression.

the distortion correction could be also applied to the ref-
erence EPI-based methods. In terms of T1 and T2 val-
ues, the proposed and conventional methods show sim-
ilar results even though BUDA-MESMERISE was faster
with an imaging time of 25 s. For coil sensitivity measure-
ment, the central 24 lines were taken from 1.28 s calibra-
tion gradient-echo scan. STEM parameter estimation was
conducted for the stimulated-echo signal by least-square
fitting. Considering that the scan parameters were not
optimized as proposed in the original STEM approach,33

results appeared to be noisier and less accurate. This
was likely because both T1 and T2 were estimated from
stimulated-echo signal with lower SNR. The proposed
method used spin- and stimulated-echo signals to estimate
T1 and T2; hence, it was possible to estimate the parameters
more accurately. Figure 5C–E shows ΔB0 maps estimated
by FSL topup with the BUDA acquisition, αB1 map, and M0
maps, respectively. The estimated results with the analytic
fitting and the neural network were similar for all param-
eters. Network estimation gave less noisy parameters with
smaller variation owing to the fact that the convolutional
network took information of spatially adjacent voxels into
account. By contrast, the conventional pixel-by-pixel fit-
ting with dictionary matching showed relatively noisy
estimates.

4.2 In vivo experiment

Acquired blip-up/-down brain images and
distortion-corrected image are shown in Supporting Infor-
mation Figure S7. In the in vivo experiment, geometric

distortion was successfully eliminated by the BUDA
acquisition and reconstruction. T1 and T2 estimation
results from the proposed and conventional methods are
shown in Figure 6. In the results from the EPI-based con-
ventional method, geometric distortions were observed,
which were corrected with BUDA-MESMERISE. Com-
paring the estimated parameter maps, both T1 and T2
from the proposed method agreed with the results of the
conventional spin echo–based methods. The effect of the
slice profile on the estimated parameters was investigated
with numerical phantom simulation and presented in
the Supporting Information Figure S8. When comparing
the proposed analytic fitting and neural network estima-
tion, the neural network estimates were less noisy than
analytic fitting, which was particularly evident in the
M0 map. The comparison results of M0, ΔB0, and αB1
between the proposed and reference methods are pre-
sented in Supporting Information Figure S9. In addition,
the loss of the neural network estimation according to
the epoch and the parameter estimation results after 5
different epochs are shown in the Supporting information
Figure S10.

We conducted a histogram comparison to avoid reg-
istration error between the parameter maps from differ-
ent methods. Quantitative histogram analysis is presented
in Figure 7B. Because the resolutions of the proposed
and conventional methods are different, the histograms
were normalized by the total number of voxels in the
same FOV. A T1 peak around 650 ms observed in T1 his-
togram of IR-SE was not shown in those of IR-SE-EPI
and the proposed method. The T1 peak of IR-SE was pre-
sumed due to the presence of the lipid component from
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(A)

(B)

(C) (D) (E)

F I G U R E 5 Phantom experiment results. Qualitative comparison of the proposed method with conventional methods. (A) T1

estimation results. (B) T2 estimation results. (C–E) ΔB0, αB1, and M0 estimation results from the proposed method, respectively

myelin,58 which was not suppressed, whereas the fat sup-
pression was applied for the IR-SE-EPI and the proposed
method. Both T1 and T2 estimates have similar parame-
ter distributions to the conventional methods; however,
using the proposed method, the parameter distribution
was more widely spread. This broadening in the distri-
bution was presumably due to low SNR of the acquired
spin- and stimulated-echo signals, as is the larger varia-
tion of estimated parameters in the phantom experiments.
The influence of SNR and partial volume was investigated
with numerical phantom simulation and presented in the
Supporting Information Figure S11. The voxelwise com-
parisons between the tissue parameters estimated by the
proposed method and conventional method are shown in
Supporting Information Figure S12.

Figure 8 demonstrates T1, T2, M0, αB1, and ΔB0
maps estimated by the proposed BUDA-MESMERISE

acquisition and unsupervised neural network–based esti-
mation. Three out of the 24 slices covering whole brain are
presented. It took 50 s to acquire the 24-slice data and 5.76 s
to acquire 24-line calibration scan for coil sensitivity mea-
surement. Whole-brain estimation results are shown in
Supporting Information Figure S13. Although the effective
TR was different for each acquisition and each slice, con-
sistent estimation results were observed, indicating that
the effect of varying effective TR was successfully captured
through the signal model.

There are 2 factors that could affect the acquired sig-
nal when the echo-shifting is applied. One is crosstalk
between slices, and the other is a magnetization trans-
fer effect. To address the first issue, we used the
slice-interleaving technique for which adjacent slices were
not consecutively excited to reduce the crosstalk. Because
we used short 90◦ RF pulses and slice interleaving, we

 15222594, 2022, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/m

rm
.29228 by U

niversity O
f M

aastricht, W
iley O

nline L
ibrary on [04/03/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



SO et al. 303

(A)

(B)

(C) (D) (E)

F I G U R E 6 In vivo experiment results. Qualitative comparison of the proposed method with conventional methods. (A) T1 estimation
results. (B) T2 estimation results. (C–E) ΔB0, αB1, and M0 estimation results from the proposed method, respectively

anticipated the magnetization transfer effects to be minor.
In order to ascertain that the echo-shifting did not affect
the signal from the different slice, we compared the
stimulated-echo signals with different echo-shift factor.
As shown in Supporting Information Figure S14(A), there
is no noticeable signal difference between the acquired
signal with and without echo-shifting, which shows that
the crosstalk is insignificant on account of slice inter-
leaving. In in vivo experiments, as shown in Supporting
Information Figure S14(B), signal changes due to incon-
sistent ghost correction and CSF flow were observable;
however, changes due to magnetization transfer were
not identified. In terms of the estimated parameters, the
single-slice experiment and the multislice experiment pro-
duce consistent results as shown in Supporting infor-
mation Figure S15. This indicates that the echo-shifting
can accelerate the acquisition speed without influencing

the other slices, as also shown earlier.34 Incidentally,
the ghost correction should be performed more precisely
for the time-multiplexed acquisition because the eddy
current effect increases as the duty cycle of gradient
increases.

When the 3-pulse STEAM sequence was used for dif-
fusion acquisition, stimulated echo can provide diffusion
contrast with a high b value. This is because, during the
mixing time, diffusion weighting continues with slow T1
attenuation rather than fast T2 decay. Although there was
no diffusion gradient in the proposed parameter estima-
tion, butterfly gradient (i.e., crusher and slice selection
gradients) could inadvertently act as a diffusion gradient.59

The butterfly gradient having an effect on the stimulated
echo is shown in Supporting Information Figure S16. In
order to verify the diffusion effect in our tissue parameter
estimation, b value with respect to the TM and measured
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(A)

(B)

F I G U R E 7 Quantitative comparison of the proposed method with conventional methods. (A) Phantom experiment results. (a) T1

estimation results. (b) T2 estimation results. The mean values of T1 and T2 in each vial are expressed as bar graph, and 25%–75% percentile as
error bar. (B) In vivo experiment results. (a) T1 estimation results. (b) T2 estimation results

T1 considering diffusion attenuation were calculated. An
apparent diffusion coefficient of 10−3 mm2/s was assumed.
The maximum b value in our experimental condition
was smaller than 30 s/mm2, and the error of T1 esti-
mation was less than 5% when T1 was smaller than
2000 ms.

5 DISCUSSION
AND CONCLUSION

In this study, a highly efficient MR parameter esti-
mation framework was proposed. The proposed
BUDA-MESMERISE acquisition/reconstruction enables
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F I G U R E 8 In vivo brain T1, T2, M0, αB1, and ΔB0 maps estimated by the proposed method with unsupervised neural network-based
estimation. Three-slice results out of the 24 slices covering whole brain are presented

rapid acquisition of spin- and stimulated-echo signals to
estimate distortion-corrected, coregistered T1, T2, M0, B0,
and B1 maps. With the STEAM EPI sequence consisting
of three 90◦ RF pulses, spin- and stimulated-echo signals
are acquired in rapid succession. These signals are gener-
ated from different pathways; thus, they possess distinct
information on T1 decay and αB1 modulation, as well as
shared information on T2 decay, TReff modulated M0, and
ΔB0. This allows the estimation of T1, T2, M0, and αB1
maps. The concurrent acquisition and simultaneously
varying imaging parameters of TE and TM enable coreg-
istered parameter estimation. For rapid data acquisition,
EPI readout is used for the spin- and stimulated-echo
signals. We utilized BUDA for eliminating geometric dis-
tortion in EPI acquisition. BUDA augments the parallel
imaging forward model with the B0 inhomogeneity map
estimated from the opposite phase-encoded acquisitions
and incorporates structured low rank constraint into the
reconstruction to gain robustness to potential shot-to-shot
phase variation. In addition, the interleaved k-space
sampling pattern between the opposite phase-encoded
acquisitions enables higher in-plane acceleration, which
reduces TE and T2* blurring.

For multislice imaging, echo-shifting and interleaved
acquisition are applied to utilize the dead time between

the second and third RF pulses. The time multiplexed
acquisition enables time-efficient data acquisition for
multislice imaging. Because the STEAM sequence only
utilizes 90◦ RF pulses and single-shot EPI acquisition is
used, duty cycle can be increased with less concern about
SAR. In order to estimate the parameter maps from the
spin- and stimulated-echo signals, the analytic fitting and
the unsupervised parameter estimation with a deep neu-
ral network were introduced. Both methods successfully
estimated parameter maps of T1, T2, M0, and αB1. The
results obtained by the analytic fitting and the deep neu-
ral network were similar for all parameters, but the latter
was more robust to noise than the analytic fitting. With
a relatively short TR, signal intensity was affected by the
effective TR; hence, this was considered for parameter esti-
mation. In both phantom and in vivo brain experiments,
the T1 and T2 estimation results showed agreement with
conventional methods.

The advantages of the proposed method compared
to other multiparametric quantitative MR techniques
are rapid acquisition and yielding rich parameters. The
proposed method simultaneously extracts the tissue
parameters of T1, T2, and M0 and the imaging conditions
of ΔB0 and αB1. The time-efficient acquisition of the pro-
posed method enables 50 s acquisition of 1× 1× 5 mm3
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306 SO et al.

resolution parameter maps. In addition, the proposed
BUDA-MESMERISED could lend itself well to be
translated to ultrahigh field because the influence of
the ΔB0 and αB1 can be eliminated from the paramet-
ric maps. A drawback of the proposed method using
three 90◦ RF pulses is the reduced SNR compared to the
conventional spin echo–based methods. The proposed
deep neural network–based parameter estimation helps
improve noise robustness by utilizing convolutional spa-
tial priors. In addition, SNR per unit time is compensated
by effective utilization of both spin- and stimulated-echo
signals and the increased acceleration from
echo-shifting.

To provide further quantitative information, an addi-
tional gradient-echo acquisition can be introduced after
the first RF pulse. With this gradient echo signal, T2*
could be estimated. For the neural network estimation, it
is expected that the parameter estimation would become
more efficient with a convergence condition rather than a
fixed number of epochs. In addition, the MR physics-based
network could be pretrained with training dataset and
then refined by the new subject data, which is expected
to reduce the computation time for parameter estima-
tion. And estimation of the field inhomogeneity and dis-
tortion correction that were accomplished by FSL and
BUDA reconstruction in this paper could be performed
by the unsupervised model–based neural network as the
proposed parameter estimation. The distortion correction
with the model-based neural network is expected to expe-
dite the correction process, especially for high-resolution
data.
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SUPPORTING INFORMATION
Additional supporting information may be found in the
online version of the article at the publisher’s website.

Figure S1. The pulse sequence diagram of
BUDA-MESMERISE. Gradients are presented in the
merged form and those for slice selection and imaging
that do not affect the signal formation and modulation are
excluded.
Figure S2. The numerical phantom and the estimated
parameter maps from the proposed neural network-based
parameter estimation method.
Figure S3. The numerical phantom simulation with var-
ious noise levels. The tissue parameters were estimated
with the proposed parameter estimation methods, the ana-
lytic fitting and the unsupervised parameter estimation
with a deep neural network.
Figure S4. Time multiplexed acquisition scheme consist-
ing of echo-shifting and interleaved acquisition (a), cor-
responding sequence timing (b) and effective TR (c) for
whole-brain imaging.
Figure S5. Phantom experiment results. (Aa) Acquired
blip-up/down image with in-plane acceleration factor
of two. These aliased images show geometric distor-
tion in opposite directions according to blip up and
down. (Ab) POCSENSE reconstructed images of (Aa). (Ac)
Distortion-corrected image with BUDA reconstruction.
(B) Distortion-corrected spin echo images and stimulated
echo images with five different [TE, TM] combinations.

Figure S6. Spin-echo images with TR= 30 s and TR= 2.5 s,
and difference images.
Figure S7. In vivo brain experiment results. (Aa) Acquired
blip-up/down image with in-plane acceleration factor
of two. These aliased images show geometric distor-
tion in opposite directions according to blip up and
down. (Ab) POCSENSE reconstructed images of (Aa). (Ac)
Distortion-corrected image with BUDA reconstruction.
(B) Distortion-corrected spin echo images and stimulated
echo images with five different [TE, TM] combinations.
Figure S8. The numerical phantom simulation with an
imperfect slice profile.
Figure S9. In vivo brain M0, ΔB0, and αB1 maps estimated
by the proposed method and conventional methods.
Figure S10. Loss graph of the parameter estimation net-
work according to the epoch and the parameter estimation
results at five points.
Figure S11. Histogram of the estimated parameters of the
numerical phantom with various noise levels.
Figure S12. Voxelwise comparison of the tissue parame-
ters estimated by the proposed method and the reference
method.
Figure S13. In vivo whole brain T1, T2, M0, αB1 and B0
maps estimated by the proposed method and unsupervised
neural network-based estimation method.
Figure S14. Stimulated-echo images of a brain phan-
tom (A) and in vivo brain (B) with (a) and without
(b) echo-shifting and the absolute signal difference (c).
TR = 5 s, TE = 82 ms, TM = 1000 ms, in-plane accelera-
tion= 2, FOV= 224 mm× 224 mm, slice thickness= 5 mm,
resolution = 1 mm× 1 mm are used both for the phantom
experiment and in vivo experiment.
Figure S15. In vivo brain T1, T2, M0, αB1 maps estimated
by the experiment with and without echo-shifting and
interleaved acquisition.
Figure S16. (a) RF pulse and gradients that can function
as diffusion gradient. Gradient combination of crusher
gradient and slice selection gradient, referred as butterfly
gradient, which affects to the stimulated echo is colored.
(b) Calculated b-value with respect to mixing time. (c)
Estimated T1 value considering diffusion attenuation with
respect to true T1 value.
Table S1. Imaging parameters for reference in vivo ΔB0
and αB1 experiments
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