A Plug-and-Play Approach to Multiparametric Quantitative MRI:
Image Reconstruction using Pre-Trained Deep Denoisers

Ketan Fatania !, Carolin M. Pirkl 24, Marion I. Menzel 34>, Peter Hall ' and Mohammad Golbabaee '

' Department of Computer Science, University of Bath; 2 Department of Computer Science, Technical University of Munich;

3 Department of Physics, Technical University of Munich; * GE Healthcare, Germany; > Almotion Bavaria, Germany
To be published in IEEE ISBI, 2022

Introduction
. Magnetic Resonance Fingerprinting (MRF) [1] based Quantitative MRI (QMRI) can acquire . MRE’s compressive acquisition modelis y = Ax + w ,where y = k-space measurements,
multiple Quantitative Maps (QMaps), of Tl and T2 relaxation times, and Proton Density (PD). A = an acquisition process incorporating a subsampling pattern, x = TSMIs, w = noise.
However, due to aggressive subsampling required for short scan times, the MRF Time-Series . The ill-posed inverse problem can be formed as the optimisation arg majn ly — Az||5 + o(x).
of Magnetisation Images (TSMlIs), and consequently the Qmaps, contain artefacts. . This optimisation problem can be solved using Plug-and-Play Alternating Direction Method
. Current deep learning methods produce excellent results for artefact removal, but what if of Multipliers (PnP-ADMM) [2, 3, 4], which is an iterative optimisation method.

the acquisition process is unknown during training time or changes during testing time.

Method
 The TSMI dataset was simulated and real-valued. It was acquired using an accelerated MRF- * For f, we used a DRUNet image-patch denoiser as presented by Zhang et al. below [9].
FISP [5] protocol which was PCA dimension-reduced from 200 timeframes to 10 timeframes [6].  We first trained a multi-level denoiser on Gaussian noise to find the optimum denoising value.
* Spiral and EPI subsampling patterns were tested following [7] and [8], with acceleration = 65. This was then used to train a single-level denoiser, which was used to generate our results.

We follow the PnP-ADMM iterations as presented by Ahmad et al. [4] below.
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The PnP-ADMM algorithm was initialised with v, = SVD-MRF [6] given by £ = A"y and u, = 0.
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* Dictionary matching was then performed on the reconstructed TSMIs to infer QMaps [1].

Results
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