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GSURE Denoising enables training of higher quality generative priors for
accelerated Multi-Coil MRI Reconstruction
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Synopsis
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Motivation: Publicly available k-space data used for training are inherently noisy with no available ground truth.

Goal(s): To denoise k-space data in an unsupervised manner for downstream applications.

Approadh: We use Generalized Stein’s Unbiased Risk Estimate (GSURE) applied to multi-coil MRI to denoise images without access to ground truth.
Subsequently, we train a generative model to show improved accelerated MRI reconstruction.

Results: We demonstrate: (1) GSURE can successfully remove noise from k-space; (2) generative priors learned on GSURE-denoised samples
produce realistic synthetic samples; and (3) reconstruction performance on subsampled MRI improves using priors trained on denoised images in
comparison to training on noisy samples.

Impact: This abstract shows that we can denoise multi-coil data without ground truth and train deep generative models directly on noisy k-space in
an unsupervised manner, for improved accelerated reconstruction.

Introduction

Recent work has leveraged large-scale medical imaging datasets to train generative priors used to solve ill-posed inverse problems. A common
assumption is that the data available are noise-free and fully sampled, but this can be prohibitively expensive to collect in most cases. Even large-
scale fully sampled datasets, such as FastMRI lare inherently noisy, yet they are used to train generative priors without accounting for this noise®™*
. Stein's unbiased risk estimate (SURE) represents an unbiased training method that learns to denoise Gaussian noise-corrupted samples in a self-
supervised manner, without access to clean ground truth 36 Generalized SURE (GSURE) represents an extension of SURE’ for training a model
using samples corrupted by noise from the exponential family which includes the application of any linear operator. Here we apply GSURE to fully
sampled, noisy multi-coil k-space to remove the noise inherent in the data without access to a ground-truth image. We then use this denoised
dataset to train a score-based deep generative prior that is used for subsampled MRI reconstruction.

Methods

Multicoil MRI data are acquired in k-space, with measurements denoted by y = F'Sx + n, where F'is the Fourier transform, S is the coil sensitivity
operatorg, X is the ground-truth, complex-valued image, and 7 is the sensor noise in k-space and is assumed to be Gaussian with non-white
covariance matrix. In low-field imaging applications with low SNR, this noise can be substantially Iimitingg. Our premise is that by taking this noise
into account we can formulate and learn an improved generative prior from denoised measurements, and subsequently use this prior in
subsampled MRI reconstruction.

We arrive at y* = FSX* 4+ w, where w ~ N(0, I):

We first apply noise pre-whitening to the fully sampled multi-coil k-space using BART!®! we (b) apply the GSURE loss function 7 to train a denoiser
without ground-truth, that can be used to estimate a coil-combined denoised image. The GSURE denoiser takes as input the adjoint of the
measurements scaled by the estimated noise variance. The GSURE loss matches the supervised denoising loss function in expectation, as proved
by7. &phi s the learned denoising model, and we approximate the divergence term in the loss function using monte-carlo SURE'Z. Using the
denoised images, (c) we train a score-based generative model using denoising score-matching as outlined in 13 We then reconstruct subsampled
MRI data through posterior sampling via annealed Langevin dynamic.

To illustrate the effect, we use T2-weighted brain (average SNR 32 dB) and fat-suppressed proton-density knee (average SNR 24 dB) FastMRI data!,
which is inherently noisy. We apply our approach directly to this data, and after adding additional noise to show the impact at lower inherent SNR -
22 dB and 14 dB for the brain and knee, respectively. Using the brain MRI, we train “naive” score-based generative models on the inherently noisy
data, and “"GSURE-Score” models on the GSURE-denoised data. We retrospectively subsample 57 test samples with an acceleration factor of 5 and
compare reconstruction quality using the various deep generative priors. We use normalized root mean squared error (NRMSE) for quantitative
evaluation.

Results and Discussion

Figs 2 and 3 show the denoising results with networks trained in a supervised manner and with the proposed GSURE denoising. It can be observed
that GSURE denoising preserves the signal while substantially reducing the noise power, in line with the supervised denoisers. At lower SNRs, the
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effect of GSURE-denoising is more pronounced, which is an important consideration for low-SNR imaging such as in low-field MRI.
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Fig 4 shows the prior samples generated from score-based generative models naively trained on noisy data versus GSURE-denoised data. At high-

training SNR, the quality of prior samples remains consistent. At lower training SNR, the naive model generates unrealistic images.

Fig 5 shows the result of reconstruction from R=5 retrospectively subsampled data. The reconstruction using the score-based generative model

trained on GSURE-denoised data shows quantitative and qualitative improvement over the naively trained models, where the effect is most

pronounced when the training set has a lower SNR. This holds true over the 57 test samples.

Conclusions and Future Directions

We showed the benefit of noise pre-whitening and unsupervised denoising of publicly available k-space before training deep learning-based

reconstruction methods. In addition to denoising multi-coil data without ground truth, our approach provides a mechanism for training more
faithful score-based generative priors that can be used for downstream applications such as image reconstruction. Substantial improvement over
naively trained score-based models promotes further development of models that can deal with noise corruption of different types. This can also be

extended towards learning directly from undersampled measurements in future works!®13 .
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Fig 1 (a) lllustration of FastMRI noise estimation and pre-whitening from fully sampled multi-coil k-space samples. (b) After pre-whitening, a
denoising network is trained in an unsupervised manner directly from the noisy data using GSURE, which is equivalent in expectation to supervised
learning. (c) Using the denoised data, a score-based generative model is trained using denoising score matching.
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Fig. 2: Brain FastMRI denoising results comparing supervised and GSURE-based training at two SNR values. The first column for each SNR value
depicts the adjoint image of pre-whitened k-space data normalized by the 99th percentile of the RSS image. The second column shows the denoised
image obtained through a supervised denoiser network as shown in Fig.1. Third column shows the GSURE denoiser network trained in a self-
supervised manner without access to the ground truth image. Panel (b) further adds noise to investigate the low-SNR setting.

Fig. 3: Knee FastMRI denoising results comparing supervised and GSURE-based training at two SNR values. The first column for each SNR value
depicts the adjoint image of pre-whitened k-space data normalized by the 99th percentile of the RSS image. The second column shows the denoised
image obtained through a supervised denoiser network as shown in Fig.1. Third column shows the GSURE denoiser network trained in a self-
supervised manner without access to the ground truth image. Panel (b) further adds noise to investigate the low-SNR setting.

Fig. 4 Sample MR images generated from the deep generative priors trained at different SNR levels and with and without GSURE-denoising as a
preprocessing step.
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Fig. 5 Retrospective reconstruction results at R=5 using score-based generative models show improved reconstruction performance with GSURE-
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denoising, even when the data are at high SNR. NRMSE values over 57 validation samples with naive and GSURE-Score for posterior sampling.
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