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A B S T R A C T

For quantitative neuroimaging studies using multi-echo gradient echo (mGRE) images, additional T1-weighted
magnetization prepared rapid gradient echo (MPRAGE) images are often acquired to supplement the insufficient
morphometric information of mGRE for tissue segmentation which require lengthened scan time and additional
processing such as image registration. This study investigated the feasibility of generating synthetic MPRAGE
images from mGRE images using a deep convolutional neural network. Tissue segmentation results derived from
the synthetic MPRAGE showed good agreement with those from actual MPRAGE (DSC=0.882 ± 0.017). There
was no statistically significant difference between the mean susceptibility values obtained with the regions of
interest from synthetic and actual MPRAGEs and high correlation between the two measurements.

1. Introduction

MR-based brain morphometry studies typically accompany the ac-
quisition of high-resolution T1-weighted magnetization prepared rapid
gradient echo (MPRAGE) sequence which provides excellent gray/
white matter contrast [1]. The morphometric information obtained
from MPRAGE is also useful for quantitative analysis of functional or
parametric mapping studies based on other contrast images which have
low spatial resolution or insufficient tissue contrast.

Recently, T2
⁎ or quantitative susceptibility mapping (QSM) studies

[2–5] based on multi-echo GRE images have been widely used for these
studies because of its high sensitivity to materials with magnetic sus-
ceptibility variations such as iron or myelin. For these studies, the ad-
ditional MPRAGE images are valuable when performing region-based
group analysis or longitudinal analysis [6–8] but require additional
scan time. Recent fast imaging techniques can relieve the burden of
additional acquisition time for MPRAGE [9], however, they are not yet
generally available. Moreover, in retrospective studies, there are many
cases of mGREs acquired without an additional MPRAGE acquisition.
The ability to synthesize MPRAGE images using acquired mGRE images
has potential values in reducing scan time and improving analysis tasks
which need registration and segmentation.

Synthetically generating medical images using deep learning have
shown notable performance in various studies. For example, CT image

reconstruction with an MR image without an actual CT scan [10–12],
7T MR image reconstruction from 3 T MR images [13] and MR image
synthesis from different scan parameters [14]. These deep learning
methods learn intensity transformation between two images by feeding
large datasets and use the learned information to reconstruct synthetic
images. They are an extended form of intensity-transform-based
synthesis methods, which learn sparse linear representations between
the two images [15,16]. Using multiple layers of neural network, deep
learning can efficiently learn nonlinear and complex transformation. It
has also been demonstrated to yield higher synthesis quality compared
to non-network-based approaches [11,13]. Considering the current
performance of the deep neural networks in these applications, the
approach may be applicable for learning the transformation between
mGRE images and MPRAGE images.

Here, we have developed and applied a deep-learning based method
to synthetically construct MPRAGE image from single scan mGRE
images. To demonstrate the utility of our synthetic MPRAGE, we
compared the automatic segmentation results from the synthetic
MPRAGE with those from the actual MPRAGE. In addition, using the
two tissue segmentation results, the average susceptibility values in the
deep gray matter regions calculated from mGRE images were com-
pared. As a preliminary attempt to further explore the clinical applic-
ability of the method, we tested our method on two clinical images
containing pathologies which were not seen in the training set.

https://doi.org/10.1016/j.mri.2019.04.002
Received 20 December 2018; Received in revised form 13 March 2019; Accepted 2 April 2019

⁎ Correspondence to: D.-H. Kim, Department of Electrical and Electronic Engineering, Yonsei University, Seoul, Republic of Korea.
⁎⁎ Correspondence to: Y. Nam, Department of Radiology, Seoul St. Mary's Hospital, College of Medicine, The Catholic University of Korea, Seoul, Republic of Korea.
E-mail addresses: donghyunkim@yonsei.ac.kr (D.-H. Kim), yhnam83@gmail.com (Y. Nam).

Magnetic Resonance Imaging 64 (2019) 13–20

0730-725X/ © 2019 Elsevier Inc. All rights reserved.

T

http://www.sciencedirect.com/science/journal/0730725X
https://www.elsevier.com/locate/mri
https://doi.org/10.1016/j.mri.2019.04.002
https://doi.org/10.1016/j.mri.2019.04.002
mailto:donghyunkim@yonsei.ac.kr
mailto:yhnam83@gmail.com
https://doi.org/10.1016/j.mri.2019.04.002
http://crossmark.crossref.org/dialog/?doi=10.1016/j.mri.2019.04.002&domain=pdf


2. Methods and materials

2.1. Subjects

A total of 28 healthy volunteers (22 female and 6 male, age:
25–39 years, median age: 28 years) were recruited with written con-
sent. Of the total dataset from the volunteers, the network was trained
from the images from 20 subjects and was evaluated in 8 subjects ex-
cluded in the training set. To investigate how the trained network re-
sponded to untrained imaging features, additional MR images of 8
subjects (age: 27–81 years, median age: 40) were retrospectively col-
lected from our hospital database. The study was approved by the local
Institutional Review Board.

2.2. Imaging procedure

The study was performed on a Phillips Ingenia 3T MRI scanner
(Philips Healthcare, Best, the Netherland) with a 32 channel receive
coil. The routine protocols for multi-echo 3D GRE and MPRAGE at our
institution were conducted for all volunteers. Scan parameters for the
mGRE were as follows: voxel size= 0.8×0.8× 2mm3, 72 axial slices,
TR=30ms, TE=7.20, 13.6, 20.0, 26.4ms for 4 echoes, flip
angle= 17°, parallel imaging acceleration factor= 2, scan
time=3min 16 s. Scan parameters for MPRAGE were as follows: voxel
size= 1×1×1mm3, 176 sagittal slices, TR=6.8ms TE=1.5ms,
TI= 1100ms, flip angle= 7°, parallel imaging acceleration factor= 2,
scan time=5min 21 s.

2.3. Data pre- and post-processing

To match the resolution and field of view of the image and correct
for motion-induced displacements between the two sequences, mGRE
images were rigidly registered to 1mm isotropic MPRAGE images using
the FLIRT toolbox [17] inside FSL (Oxford, UK). After registration, the
intensities of each pixel were rescaled linearly to be within the range of
0 to 1, by dividing by the maximum pixel intensity value of each image.
This step was essential in reducing the variations of the input data and
the label data for effective training.

Each 3D data was then split by multiple patches with a size of
64×64×64 to fit in the memory of the graphical processing unit
(GPU, NVIDIA GeForce GTX – 1080 TI GPU with 11GB GPU memory).
During this process, patch overlapping was performed to increase the
number of patches and reduce the patch-induced blocky artifacts of the
combined results. This is often referred to as the overlap-tile strategy
when training large size images [18]. The overlapping region was set at
8 voxels with neighboring patches, which was chosen to be sufficient
for removing the discontinuity. During testing, the patches were com-
bined to a single image by averaging the overlapping regions.

2.4. Network implementation and training details

For the network, we adopted the standard U-Net architecture which
has previously demonstrated successful results in various biomedical
imaging applications including pixel-wise segmentation [18], synthetic
image generation [19], and artifact removal [20]. Instead of using the
original version of the U-Net architecture which was developed for 2D
image data, we used the 3D version of U-Net [21] to learn the 3D
context of the three-dimensionally encoded MR data.

The overall detail of the network architecture is shown in Fig. 1.
Patches of four mGRE images were concatenated and put into the input
of the network. The encoder network was composed of 3×3×3
kernel convolutional layers and nonlinear activations, rectified linear
unit (ReLU). Prior to each convolutional layer, zero-padding was ap-
plied so that the output size remained the same as the input size. After
performing three convolutional layers and nonlinear activation layer, a
max-pooling operation layer with a 2×2×2 window and stride of 2

was applied. The number of filters for each convolutional layer is shown
in Fig. 1. For the decoder network, the network structure was sym-
metric to the encoder network except for the max pooling operation
which was replaced with the deconvolution operation with a kernel size
of 5× 5×5 and strides of 2×2×2. To copy over the intermediate
outputs of the encoding parts to the decoding parts, extra connections
(skip connections) were made. These skip connections pass inter-
mediate features of the encoding part to the decoder part which are
known to be effective for producing finer output [18].

The full network can be considered as representing an end-to-end
mapping function that transforms the input mGRE images to their
corresponding MPRAGE image. The learning was achieved by mini-
mizing a loss between the predicted MPRAGE image (synthetic) and
actual MPRAGE image (label). We used the combined mean absolute
error (MAE) and total variation error (TV) as the loss function with a
ratio of 1:0.1. Specifically, for a single image the loss was designed as:
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where Y is the actual MPRAGE image and Y is the predicted MPRAGE
image. Adding the total variation error penalizes image gradient dif-
ferences, that is neighboring pixel intensity differences. It has been
effective in preserving sharp edges of the synthesized images, especially
in recovering delicate structures [22–24]. The ratio of the two loss
functions were optimized by varying the weighting from 1:0.01 to 1:1,
in which ratio of 1:0.1 showed the minimum loss. The network was
implemented using Python-based Tensorflow library (version 1.2.1).
The whole network parameters needed for training were 813,009. The
network was trained by mini-batch training with a batch size of 20
using the Adam optimizer with a learning rate of 10−4. During training,
we used data augmentation by flipping in three dimensions and scaling
by a random value in the range of [0.9 1.1] at every iteration and two
subjects' data were used as validation set for network parameter tuning.
The number of epochs was empirically determined by tracking the
losses of the training and validation sets (400 in this study). The total
learning took about 50 h of computation time for 400 epochs using the
single NVIDIA GeForce GTX 1080 TI GPU.

2.5. Evaluation

In addition to visual evaluation, quantitative analysis was per-
formed to evaluate the reconstruction performance of the synthetic
images. To evaluate the image similarity between the synthetic
MPRAGE and the actual MPRAGE, NRMSE (normalized root mean
squared error) and SSIM (structural similarity metric) were calculated
[25]. Because MPRAGE images are inherently not quantitative, the
functionality of the synthetic results was also evaluated to determine
whether the synthetic MPRAGE might have the ability to provide ac-
curate information as compared to the actual MPRAGE. Since MPRAGE
are widely used for tissue segmentation, the accuracy was determined
to be the functionality metric for comparison. For this purpose, the
following quantitative evaluation methods were performed.

First, both the synthetic and conventional MPRAGE images were
fully automatically segmented using the FreeSurfer software [26]
without any manual intervention. For the comparison metric, the dice
similarity coefficient (DSC) was used [27]. The DSC measures the
spatial overlap between the segmentation result and ground truth,
having larger values for higher accuracy. It is defined as:
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where S is the binary segmentation result of the synthetic MPRAGE
image and G is the segmentation result of the actual MPRAGE. For
seven representative regions (cortex, cerebral white matter, putamen,
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pallidum, thalamus, caudate and hippocampus), the mean and standard
deviation values of DSC were calculated from the automatically seg-
mented results. In the procedure, the left and right hemispheres were
considered separately. Therefore, the analysis was performed on 16
hemispheres in total.

In addition, using the segmentation results, a region-based quanti-
tative analysis was performed following QSM reconstruction from the

mGRE. QSM was reconstructed from the mGRE phase images using the
sophisticated harmonic artifact reduction for phase data (SHARP)
method [28] and the improved sparse linear equation and least-squares
(iLSQR) method [29]. The average susceptibility values of deep gray
matter regions (putamen, pallidum, thalamus, caudate) were obtained
using the segmentation results from the actual and the synthetic
MPRAGEs. To determine the statistical significance of the differences, a

Fig. 1. The neural network architecture for synthesizing MPRAGE from mGRE. The whole process includes 3D patching and deep neural network (3D U-NET). The
input images were the mGRE images and the label images were the actual MPRAGE images. Each blue box corresponds to a multi-channel feature map. The number
of channels is denoted on top of the box. White boxes represent copied feature maps. (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)

Fig. 2. Example images of synthetic MPRAGE and actual MPRAGE in three orthogonal views: sagittal (first row), coronal (second row), axial (third row). (a) mGRE
magnitude images, (b) Synthetic MPRAGE images and (c) actual MPRAGE images.
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pairwise student's t-test (two-tailed test) was performed and a p-value of
0.05 or smaller was considered statistically significant. Moreover, cor-
relation analyses were performed between the two measurements.

Lastly, to investigate how the proposed method performs on un-
familiar datasets, clinical data with pathologic lesions were obtained
and tested. Note that the training was processed only on the data of
healthy volunteers. The synthetic MPRAGE images were generated
from the mGRE images of clinical database. The performance was vi-
sually evaluated by a radiologist focusing on the pathologic lesions.

3. Results

Fig. 2 illustrates mGRE images for each four echo times, the

synthetic MPRAGE and the actual MPRAGE for one subject in the test
set. Compared with the input mGRE images, the synthetic MPRAGE
images show superior delineation of white matter and gray matter
contrasts in both cortical and subcortical regions. Overall, the synthetic
and actual MPRAGE show similar contrasts for most regions. Although
the reconstructed synthetic data is from patched data which are frag-
ments of the entire 3D image, using the overlap-tile scheme resulted in
a natural reconstruction without discontinuities which turned out to be
an important requisite for the study (results not shown).

Fig. 3 shows magnified views of the synthetic and actual MPRAGE
images from three different subjects in the test set. Slices from similar
locations were selected and three orthogonal plane images are shown.
Here, it can be observed that the results are consistent for different

Fig. 3. Magnified view from three different subjects in the test set. For each subject, synthetic MPRAGE images for sagittal, coronal, axial views and corresponding
actual MPRAGE images are shown.

Fig. 4. Segmentation results with actual MPRAGE versus synthetic MPRAGE. Representative segmentation results are overlaid on (a) synthetic MPRAGE and (b)
actual MPRAGE images. (c) The box plot of the DSCs of various regions, i.e. total average DSC, cerebral white matter (WM), cortex, caudate (Ca), putamen (Pu),
thalamus (Th), pallidum (Pa) and hippocampus (Hip).
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subjects. Specifically, boundaries of the cortical structures (orange da-
shed circles) which were difficult to delineate in the input mGRE
images are well depicted in the synthetic image. Cerebellar (green ar-
rowheads) wrinkles which are particularly difficult to delineate in the

mGRE images due to their fine structures have a slight blur, but the
overall contour are visible in the synthetic images. Interestingly, high
intensity inflow signals that can be observed in both the actual
MPRAGE and the 1st and 2nd echoes of mGRE (shown in Fig. 2a) are

Fig. 5. Representative susceptibility images with overlaid ROIs from actual MPRAGE (top) and synthetic MPRAGE (bottom) for subcortical structures of interests, i.e.
caudate (green), putamen (blue), pallidum (light blue), thalamus (red). (For interpretation of the references to colour in this figure legend, the reader is referred to
the web version of this article.)

Fig. 6. (a, b, c, d) Scatter plot for mean tissue susceptibility estimates between the two ROIs (Actual MPRAGE, Synthetic MPRAGE). The correlation coefficients
between the two susceptibility measurements are high for all regions (R2 > 0.9).
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mostly suppressed in the synthetic MPRAGE images (yellow arrows).
The average NRMSE and SSIM values for all subjects in test set were
0.037 ± 0.009 and 0.84 ± 0.03, respectively, which show the image
similarity of the synthetic MPRAGE compared to the conventional.

Fig. 4 shows the segmentation results from the synthetic MPRAGE
(Fig. 4a) and actual MPRAGE (Fig. 4b). The automatically segmented
tissue regions are overlaid onto the synthetic and the actual MPRAGEs.
Fig. 4(c) shows the box plot of the calculated DSC values for different
regions computed from all subjects in the test set. The calculated DSCs
were 0.93 ± 0.02, 0.88 ± 0.03, 0.89 ± 0.02, 0.88 ± 0.01,
0.92 ± 0.01, 0.83 ± 0.04, 0.89 ± 0.02 for cerebral white matter,
cortex, caudate, putamen, thalamus, pallidum and hippocampus, re-
spectively. The average DSC was 0.88 ± 0.02. For these regions, the
DSCs showed high consistencies between the two results and were in
the range of 0.82 to 0.95 for all the subjects.

Fig. 5 shows representative QSM images with overlaid deep gray
matter regions using segmentation from the actual MPRAGE and syn-
thetic MPRAGE. The individual ROIs obtained for both methods show
similar delineations for the deep gray matter regions. Fig. 6 shows the
scatter plot for the mean tissue susceptibility estimates from the regions
obtained between the two methods. Both measurements are in good
agreement and no distinct outlier could be observed in the scatter plot.
There were no statistically significant differences between the two
methods (p > 0.05 for all regions). The correlation coefficients

between the two susceptibility measurements were high for all regions
(R2= 0.97, 0.97, 0.90, and 0.94 for caudate, putamen, pallidum, and
thalamus, respectively).

Fig. 7 shows the tested clinical images obtained with known
pathologies. The first subject (Fig. 7a) had several abnormal white
matter hypointense lesions (red arrows). The second subject (Fig. 7b)
had brain atrophy. The descriptions of these lesions are consistent on
the synthetic and actual MPRAGEs. The third subject (Fig. 7c) had a
subdural hemorrhage (yellow arrowheads). Although the actual
MPRAGE was not acquired for this patient, the synthetic MPRAGE de-
picts well the large hemorrhagic lesion without unnatural contrasts that
often occur in overfitting models. The representative results for other
clinical patient data are shown in the supplementary material.

4. Discussion and conclusion

In this work, we applied a deep learning method for synthetic
MPRAGE generation using mGRE images. The method utilizes a 3D
fully convolutional neural network for synthesizing the MPRAGE from
the mGREs. Overall, the network demonstrated to produce synthetic
MPRAGE images which were close to the actual MPRAGE for the major
brain tissues. By visual inspection, the contrast between the white
matter and the gray matter regions looks comparable to that of the
actual MPRAGE. Quantitative evaluation based on automatic tissue

Fig. 7. Results from two patients. (a) A patient with white matter hypointensities (red arrow), (b) a patient with brain atrophy, and (c) a patient with late subacute
subdural hemorrhage in the left cerebral convexity (yellow arrowhead). The mGRE data of the first and last TE, synthetic MPRAGE, and actual MPRAGE are shown.
For the third patient (c), the actual MPRAGE was not obtained for this patient. (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)
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segmentation also shows a high agreement between the results from the
two MPRAGE images, demonstrating the practical utility of synthetic
MPRAGE. Moreover, using the segmentation outputs, we have de-
monstrated that there is no statistically significant difference between
the mean susceptibility values of the QSMs obtained with ROIs from
synthetic MPRAGE and from actual MPRAGE.

While the overall image quality of the synthetic MPRAGE was close
to that of the actual MPRAGE, there were some minor differences be-
tween the actual and synthetic MPRAGE images. Even though we used
additional TV loss to alleviate image blurring, slight blur remains
especially near the boundary regions with an indistinct contrast be-
tween tissues. These are suspected to be due to the drawbacks of using
the Euclidean metrics for the loss function which has been reported to
cause over-smoothing effect under inherent uncertainty [30]. In addi-
tion, the inflow signals were not consistent in synthetic and actual
MPRAGE images. Most bright inflow signals appearing in the actual
MPRAGE images were suppressed in the synthetic images. This is sus-
pected to be due to the inconsistency of the inflow signals between
different echo time images of mGRE due to incomplete flow compen-
sations. Specifically, in the first echo images (which are strongly flow
compensated) the inflow bright signals are consistent with the MPRAGE
signal intensities but in other echo images (which are partially flow
compensated) the intensities are not consistent. Nevertheless, we be-
lieve these two minor differences are not a problem for using synthetic
MPRAGE for registration or segmentation purposes.

Compared to other regions, the DSC was slightly lower in the pal-
lidum region, and there was a relatively higher difference in the sus-
ceptibility measurement. To resolve this, it would be useful to acquire
more dataset for the training or replace the MPRAGE with other var-
iations of this sequence such as MP2RAGE that have been reported to
have a better delineation of this region [31]. Furthermore, it might
have been due to the inherent error of the automatic segmentation al-
gorithm. The segmentation of pallidum was reported to be challenging
and significantly less accurate than other structures likely due to the
small size [32].

The outcome of the two subjects with pathologies is encouraging to
support the network's generalization performance to unseen dataset.
Though the network was trained with subjects of the specific group
(Healthy subjects of ages: 25–30), the synthesized images for the sub-
jects (age > 50) with pathologies seemed qualitatively acceptable.
However, further exploration with additional datasets of various sub-
ject groups will be needed to understand the capability of the network
to generalize. Moreover, in this study the network has been tested only
on restricted acquisition parameters such as voxel size, TR, TE etc. For
general utilization of this method, performance on varying acquisition
parameter should be tested.

Since the network was trained only by data and without specific
guidance, it is difficult to understand and interpret the outcomes.
Recently, a study suggested an interpretation that success of deep
learning methods stems from utilizing a nonlocal basis combined with a
data-driven local basis [33]. As mGRE produces multi echo images, it
possesses variety of information of the tissue dependent T2* and T1

contrasts. A combination of these multi-echo images has shown cap-
ability of generating a plural of contrast images [34]. We speculate that
this variety of information might have been complementarily in-
corporated to synthesize a highly reliable MPRAGE image.

There are mainly two benefits of synthetizing MPRAGE images.
First, this method can be applicable when acquiring MPRAGE is diffi-
cult (i.e. tight scheduled protocols) or when MPRAGE has not been
acquired. Second additional benefit is that synthetic MPRAGE is auto-
matically registered to the mGRE images, as the synthetic MPRAGE is
generated from them. This may be beneficial for decreasing registration
error, and may also save time and effort for registration. In summary,
the current study suggests that deep learning can potentially be used to
synthesize MPRAGE from mGRE, which can provide potential values for
reducing scan time and improve analysis tasks.
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