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Abstract. A Magnetic Resonance Imaging (MRI) exam typically consists
of several sequences that yield different image contrasts. Each sequence
is parameterized through a multitude of acquisition parameters that in-
fluence image contrast, signal-to-noise ratio, scan time and/or resolution.
Depending on the clinical indication, different contrasts are required by
the radiologist to make a diagnosis. As the acquisition of MR sequences
is time consuming, and acquired images may be corrupted due to motion,
a method to synthesize MR images with fine-tuned contrast settings is
required. We therefore trained an image-to-image generative adversarial
network conditioned on the MR acquisition parameters repetition and
echo time. Our approach is able to synthesize missing MR images with
adjustable MR image contrast and yields a mean absolute error of 0.05,
a peak signal-to-noise ratio of 23.23 dB and structural similarity of 0.78.

1 Introduction

Magnetic Resonance Imaging (MRI) is an important but complex imaging modal-
ity in radiology. An MRI exam typically consists of several MR image acquisition
steps to obtain a set of MR sequences that yield different image contrasts. The
sequence configurations are parameterized through a multitude of acquisition pa-
rameters that influence image contrast, signal-to-noise ratio, scan time and/or
resolution. Depending on the clinical indication, different contrasts are required
by the radiologist to make a reliable diagnosis. Besides the given clinical indica-
tion and imaged body part, the parameterization of an MR sequence depends on
various factors, such as available hardware (1.5T vs. 3T), clinical guidelines, scan
time constraints, and radiologists’ preferences. This leads to large variations in
MR sequence configurations across radiology sites, but also within a single site.

An MRI scan is time consuming, prone to premature scan termination due
to claustrophia of the patient [1] or re-scanning due to motion artefacts [2].
Therefore, methods to shorten scan time or synthesize missing contrasts can
add significant value to MRI.
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One possible approach to achieve this is to use artificial intelligence (AI) to
synthesize missing contrasts from existing ones. Different approaches for medi-
cal image synthesis using generative adversarial networks [3] have already been
proposed [4,5,6,7,8]. However, these approaches are only trained on different cat-
egories of MR contrasts (e.g. T1-, T2- or PD-weighted) and cannot synthesize
MR images with fine-tuned image contrast. Acquisition parameters influencing
the image contrast are e.g. the repetition time (TR) and echo time (TE).

In order to address the variability of sequence parameterizations, we trained
an MR image-to-image GAN conditioned on the acquisition parameters TR, and
TE to enable fine-tuned contrast synthesis for a given MR image.

2 Materials and methods

Our model consists of three networks (see Fig. 1): a generator that translates
an MR image to a target image contrast, defined by the acquisition parameters
TR and TE, a discriminator that learns to distinguish between synthetic and
real MR images as well as an auxiliary classifier that is trained to determine the
acquisition parameters TR and TE from the image itself.

The generator is based on a U-Net architecture [9] with residual blocks [10].
The acquisition parameters of the source and target contrast are normalized to
values between 0 and 1 and injected into the generator through an adaptive
instance normalization layer (AdaIN) [11]. The discriminator learns to distin-

Adversarial «—— Discriminator
loss
Generator

_______________________________

Reconstruction
loss

Auxiliary

Conditionin -
& Classifier

loss

Fig. 1. Training procedure of our approach: The generator receives a real input image
(left image), including its acquisition parameters TR and TE (y4) as well as the target
acquisition parameters (y;) and translates the image to the synthesized target contrast
(right image). The discriminator learns to distinguish between real and synthetic MR,
images, and the auxiliary classifier is pre-trained to determine the acquisition param-
eters from the image.
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guish between real and synthetic MR images only, while the auxiliary classifier
is pre-trained to determine the acquisition parameters from the image.

We use a non-saturating adversarial loss with R1 regularization [12], com-
bined with a reconstruction and conditioning loss to train the GAN. The re-
construction loss is given by the L1-loss of the predicted and target image, if a
target image is available, and by the cycle consistency loss [13], if no target image
is available. The mean squared error between predicted and target acquisition
parameters is used as conditioning loss.

For training and validation, we used the clinical part of the fastMRI dataset
[14] containing knee MR images from different MR scanners with different se-
quence parameterizations. We used the DICOM images from the image series
without fat saturation from 1.5 T Siemens scanners (Siemens Healthcare, Erlan-
gen, Germany). After applying several data filters, this results in a dataset of
67,956 MR images (2,114 paired and 65,842 unpaired images) of which 60 unique
DICOM studies (1,022 images) are used for testing and the rest for training
(66,934 images).
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Fig. 2. Example of two paired MR images with different acquisition parameters includ-
ing their synthesized images. The first column shows the real image g with acquisition
parameters yy (top) and the real target image pair ¢ with acquisition parameters y;
(bottom). The second column shows the result and the absolute error map, when syn-
thesizing image g with the generator GG, and the third column shows the result of the
image synthesis of image t. The image annotations show the real (first column) and
predicted TR and TE values.
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3 Results

The auxiliary classifier reached a mean absolute error of 247 ms for the deter-
mination of TR and 1.8 ms for TE on the test set, respectively. Thus, it is able
to reliably guide the training of the generator to produce MR images with the
correct image contrast.

Besides visual assessment (see Fig. 2 and 3), we computed the mean absolute
error (MAE), peak signal-to-noise ratio (PSNR), and the structural similarity
(SSIM) index [15] to measure both pixel-wise intensity differences and structural
similarities between reconstructed and reference images.

The performance metrics were computed on the test set with cyclic recon-
struction and randomly selected acquisition parameters, since slice pairs were not
available for all test images. Our approach reached the following MAE, PSNR
and SSIM values:

- MAE: 0.05
— PSNR: 23.23 dB
— SSIM: 0.78

TE [ms]

Fig. 3. Example of acquisition parameter interpolation for a given real image g with
acquisition parameters y, (first column). The image grid shows the synthesized images
with varying acquisition parameters in the TE intervals [15, 30, 45] ms and TR intervals
[1500, 3000, 4500] ms including their predicted TR and TE values.
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4 Discussion

The generator is able to produce realistic and sharp MR images that also show
fine anatomical structures within the image. Although several approaches have
already been published that apply image-to-image GANs to synthesize MR im-
age contrasts, these results are difficult to compare due to the fact that our
presented approach is the first to condition the contrast translation of MR im-
ages on acquisition parameters and not only on different categories of contrasts.
Moreover, a different dataset (including body regions trained on) was used in
our work, since the recently published fastMRI dataset offers the required image
contrast variations. However, the reported performance metrics are compara-
ble to reference literature [4,5,6,7], demonstrating the potential of our presented
approach.

One limitation of the dataset is that it only contains different parameteri-
zations of PD-weighted MR images. Consequently, the network is not able to
translate an existing image into a T1- or T2-weighted MR image as it has not
been trained on such. However, it is anticipated that the approach is transferable
to a wider range of acquisition parameters given a proper dataset. A limitation
of the cycle consistency loss is that it may hallucinate features in the generated
images [16]. Consequently, a reader study must evaluate the diagnostic value of
the synthesized MR images.

This work has the potential to synthesize missing or replace corrupted con-
trasts and therefore is anticipated to reduce the duration of an MRI exam.

In future work, we aim at extending the capabilities of the network on ad-
ditional acquisition parameters (e.g. scan options such as fat-saturation) and
evaluate the work on data with additional body regions.
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