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Abstract. Sodium MRI can non-invasively measure tissue sodium con-
centration (TSC), a key biomarker for stroke, tumor, cartilage degen-
eration, and other diseases, but severely suffers from intrinsically low
signal-to-noise ratio and long scan times. Existing methods typically
perform denoising on conventionally reconstructed images and then con-
duct TSC quantification separately, leading to oversmooth reconstruction
for highly accelerated acquisition and prohibiting end-to-end concentra-
tion quantification. To fill this gap, we propose the first deep unrolling
framework in sodium MRI, termed SoReCon, that takes gridded radial
k-space as input and simultaneously performs sodium MRI reconstruc-
tion and TSC quantification. To this end, we for the first time craft
a sharpness-enhanced training data tailored to obtaining vendor-style
sodium MRI reconstruction, such that the reconstructed image achieves
an appearance consistent with the vendor-reconstructed image without
requiring any post-processing. Besides, we devise a differentiable concen-
tration mapping module containing B1 inhomogeneity correction, auto-
matic phantom detection, and linear transformation to convert the re-
constructed image into a TSC map. Experiments on 107 subjects show
that our method outperforms the existing representative methods by
7.19 dB in PSNR for image reconstruction and 2.54 mM in MAE for
TSC quantification. Prospective evaluation on three additional subjects
demonstrates the feasibility of SoReCon under real-world four-fold ac-
celeration, reducing the primary sodium acquisition time from 15 min to
3.75 min and highlighting its potential for clinical translation.
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1 Introduction

Sodium MRI (?*Na MRI) enables non-invasive measurement of tissue sodium
concentration (TSC), providing information on cellular viability and tissue in-
tegrity [1,2]. Changes in tissue sodium levels often precede structural changes,
making sodium MRI a potential quantitative biomarker for early diagnosis and
treatment monitoring. However, sodium concentration in tissues is substantially
lower than proton concentration, and its gyromagnetic ratio is about 3.8 times
lower, yielding only 9.2% of the proton signal at the same field strength [3].
This intrinsically low signal-to-noise ratio (SNR) poses significant challenges for
accelerated imaging and accurate quantification [4].

To mitigate the low SNR and long acquisition time of sodium MRI, com-
pressed sensing (CS) and other iterative reconstruction methods have been ap-
plied to undersampled non-Cartesian data [5,6]. However, CS methods often
require long reconstruction time [8], and are sensitive to the choice of regu-
larization. Besides, the anatomically guided iterative methods use co-registered
proton MRI (*H MRI) as prior information, combined with constraints such as
total variation, or joint anatomical and sparsity models to improve noise sup-
pression, edge preservation, and spatial resolution [18-21,12]. For example, in
breast sodium MRI, such structurally guided methods improve image sharpness
and reduce partial volume effects, but their TSC accuracy still varies with regu-
larization strength [12]. Furthermore, these methods depend on the availability
and accurate registration of a separately acquired proton MRI reference.

Over the past decade, deep learning has substantially improved MRI recon-
struction [13,17,11]. In sodium MRI, several studies apply convolutional neural
networks (CNNs) for denoising [7,8]. Given the scarcity of large-scale sodium
MRI datasets, many studies train models with proton MRI data by simulating
sodium MRI characteristics [8, 9]. However, this inherently introduces a domain
gap that potentially limits model performance on real-world data due to dis-
crepancies in contrast and noise characteristics between simulated and real-world
data [16]. Furthermore, these methods apply denoising as postprocessing on con-
ventionally reconstructed images without accessing undersampled k-space data,
leading to error accumulation and hence suboptimal TSC quantification [10].

To address these challenges, we propose the first 3D framework that jointly
performs sodium MRI reconstruction and TSC quantification from undersampled
radial k-space data. Built on deep unrolling-based reconstruction, our network
incorporates a Concentration Mapping Module that corrects B1 inhomogeneities
and converts the reconstructed images to TSC maps, enabling end-to-end op-
timization. The main contributions include: 1) An end-to-end mapping from
undersampled k-space to TSC maps; 2) Construction of a sharpness-enhanced
training set for sodium MRI reconstruction; 3) Integration of a concentration
mapping module and concentration loss into network training to enable direct
optimization of the TSC maps; 4) Evaluation on 107 retrospective and 3 prospec-
tive subjects, demonstrating a 4x reduction in the primary scan time from 15
min to 3.75 min while preserving reconstruction quality and TSC quantification
accuracy.
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2 Method

2.1 Problem Formulation and Model Architecture
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Fig. 1. Architecture of the proposed SoReCon. Top row shows the overall unrolled
framework. Bottom row details the architectures of Sensitivity Estimation Module
(SEM), Sensitivity Refinement Module (SRM), Image Update Module (IUM), and
Concentration Mapping Module (CMM).

In multi-coil MRI, the signal acquired by the m-th coil is modeled as k,, =
FSmx + €, where x € C is the complex image, S,,, denotes the m-th coil sensi-
tivity map, F represents the Fourier operator, k,, is the measured k-space data,
and €, denotes the additive noise. For sodium MRI, data is usually acquired
with non-Cartesian sampling mask and gridded onto a Cartesian grid, denoted
as k% . Inspired by jCAN [11], we establish our SoReCon with N = 10 unrolled
iterations (Fig. 1). Our SoReCon takes 3D multi-coil undersampled k-space as
input and comprises three main components: 1) Sensitivity Estimation Module
(SEM) and Sensitivity Refinement Module (SRM) for coil sensitivity map esti-
mation and refinement, 2) Image Update Module (IUM) for image refinement,
and 3) Concentration Mapping Module (CMM) for TSC map estimation from
the reconstructed magnitude image. The architecture of SEM, SRM, and ITUM
follow the work of jJCAN. More details can be found in [11].

2.2 Construction of Structurally Enhanced Complex-Valued
Training Data for Sodium MRI Reconstruction

In Fig. 2, we demonstrate the reconstructed image Ig,iq using the fully sampled
k-space data by the gridding method [27]. We can observe that it exhibits no-
ticeable blurring compared to the vendor-reconstructed image Ivendor- Training
a network with Igiq as ground truth would further magnify the oversmoothness,



4 Cao et al.

Sodium Image TSC Quantification
I Ref I QGrid QRef

IGrid Vendor QVendor

200

100

Subject 1

Y
200

100

Subject 2

Fig. 2. Validation of Irer and its TSC map on two subjects. From left to right: grid-
ding reconstruction, structurally enhanced reference image, and vendor reconstruction,
together with their corresponding T'SC maps.

especially at high acceleration rates. This motivates us to construct a structurally
enhanced complex-valued reference Irqr that better preserves structural details.

To obtain Igef, we introduce an image enhancement pipeline to the fully sam-
pled coil-combined complex-valued image obtained by gridding reconstruction
without density compensation. Our pipeline consists of three steps: 1) Wiener
deconvolution [14] to compensate for the effective blurring induced by radial
sampling density imbalance and gridding interpolation; 2) an edge-aware fusion
strategy that selectively integrates the original and deconvolved images based
on Laplacian-derived edge maps, thereby suppressing noise amplification while
preserving high-frequency structural details, and 3) a second Wiener deconvolu-
tion step for further refinement of tissue boundaries and progressive restoration
of high-frequency details. Note that all the operations are performed on complex
images, ensuring phase consistency throughout the process.

As shown in Fig. 2, the resulting Irer closely matches the vendor-reconstructed
images, achieving an average PSNR of 35.83 + 1.48 dB across 107 subjects. The
corresponding sodium concentration maps Qref, derived using the same B1 cor-
rection and phantom calibration pipeline as Qvendor, also show closer agreement
with the vendor-estimated counterpart compared to those from Igyiq.

2.3 Concentration Mapping Module (CMM)

The CMM converts the final magnitude image into a TSC map through Bl
inhomogeneity correction, automatic phantom detection, and linear transfor-
mation (Fig. 3). To correct the spatially varying receive sensitivity, four scans
are acquired following the dual-mode calibration approach [4,15] including an
NAA mode scan (high SNR, exhibits B1 inhomogeneity), a NAV mode scan
(lower SNR, relatively homogeneous), a second NAA mode scan, and the pri-
mary sodium scan. The two NAA scans each take approximately 1 min, while
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Fig. 3. Pipeline of the Concentration Mapping Module.

the NAV scan takes approximately 6 min, resulting in about 8 min of additional
calibration time. All these scans use the same sequence but differ in resolution
and coil mode. The two NAA scans are averaged to obtain Inaa, and the correc-
tion map is computed as C = (Inaa +€)/(Inav +€), where € = 10.0 is empirically
chosen to prevent noise amplification in low-signal regions. The corrected image
is then given by I.omected = |2|/C.

During sodium MRI acquisition, calibration phantoms (50 mmol/L and 100
mmol/L) are placed around the head as reference standards. To automate sig-
nal extraction, we design a phantom detection pipeline operating on axial slices.
Specifically, connected components are first identified using 8-connected neigh-
borhood analysis, and each component is characterized by its area A, circularity
p, and bounding-box aspect ratio R. Components satisfying predefined crite-
ria (A € [20,2000], p > 0.7, R < 1.7) are retained and grouped across slices.
For each phantom, the representative intensity I is computed as the mean of
a 3 x 3 x 3 ROI centered in the middle of the phantom. The resulting inten-
sity—concentration pairs (I, C) for C' = 50 mmol/L and C = 100 mmol/L are
used to fit a linear model C' = af + f for mapping reconstructed intensity to
sodium concentration. When a proportional relationship between sodium con-
centration and signal intensity is assumed, the model is simplified to the zero-
intercept form g = 0.

2.4 Loss Function

The loss function we used to train SoReCon comprises four components:

N
L= Z Wi ||R s (™)~ Iretl| 1M1 Lssiv (Rs (2), Tret) +A2]| VS |21 423 | Q—Qret| |1,
n=1
(1)

where xV is the final output, and S denotes the set of coil sensitivity maps.
The operator Rg combines multi-coil images into a single complex image. The

N
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isotropic total variation ||[V.S|2,1 = H\/|Vm5\2 +|V,S|? + |VZS|2H is adopted
i 1

to enforce the smoothness of coil sensitivity maps. The final term, i.e., the con-

centration loss, penalizes the discrepancy between estimated concentration map

Q@ and the reference map QRet.

3 Experiments and Results

3.1 Dataset and Implementation Details

Our initial dataset includes 110 brain sodium MRI scans (mean age, 46 + 16
years; range, 8—75 years; 50 females and 60 males). Three cases were excluded
during quality control, and the remaining 107 cases were split at the subject
level into 77 for training, 10 for validation, and 20 for testing. All the scans were
acquired on a 7T MRI scanner (Magnetom Terra, Siemens Healthcare, Erlangen,
Germany) using a dual-tuned ?*Na/'H head coil (RAPID Biomed GmbH, Rim-
par, Germany), consisting of a dual-tuned 2*Na/*H quadrature Tx/Rx birdcage
coil and 32-channels receive-only 2*Na array. A 3D radial projection sequence
(7500 fully sampled spokes, 500 radial samples, TR/TE = 120/0.4 ms, flip angle
= 90°, field of view = 224 x 224 x 224 mm?, nominal resolution = 3.5 x 3.5 x 3.5
mm?) was used for 2>Na MRI, with a primary sodium acquisition time of ap-
proximately 15 min per scan.

Our model was implemented in PyTorch and trained on an NVIDIA A100
GPU with 40 GB RAM. We used the Adam optimizer with an initial learning
rate of 10~ decayed by 0.5 every 30 epochs and the mini-batch size was set as
1. The first 50 epochs used only the reconstruction loss and the remaining 50
epochs integrated the concentration loss. We employed an exponentially decaying
schedule w,, = YN =" with v = 0.85, assigning higher importance to later blocks.
Loss weights were selected as Ay = 1, Ay = 100, and A3 = 0.3 based on the
reconstruction performance on the validation set.

3.2 Experimental Results

We compared our method with three representative methods including NUFFT
reconstruction [24] incorporating Pipe-Menon density compensation [22], wavelet-
based CS [25], and a U-Net reconstruction model [26]. We retrospectively under-
sampled the reference radial k-space data (7500 spokes) to generate 2x (3,750
spokes) and 4x (1,875 spokes) acceleration.

Quantitative Comparison. Table 1 presents quantitative comparisons of both
image reconstruction and TSC quantification. We can see that for 2x and 4x
accelerations, our approach achieves the highest PSNR and SSIM for image re-
construction and the lowest MAE for TSC quantification. Notably, although
CS achieves higher PSNR and SSIM than NUFFT at 2x, it shows worse TSC
quantification performance with a higher MAE, suggesting that image-domain
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similarity evaluated by PSNR and SSIM does not necessarily translate into con-
centration accuracy [23]|. Therefore, we additionally evaluate the MAE of TSC
quantification and perform visual assessment to assess both reconstruction fi-
delity and TSC quantification accuracy.

Table 1. Quantitative comparison of image reconstruction and TSC quantification.

Image Reconstruction TSC Quantification
Accel. Method —5org (4B SSTM MAE (mM)
NUFFT 29.39 + 1.46 0.8543 + 0.0205 7.94 £+ 2.63
2% CS 35.70 £+ 1.08 0.9000 + 0.0138 8.42 + 2.54
U-Net 32.10 £ 1.31 0.9182 + 0.0169 7.67 £ 2.92
Ours 40.16 + 1.25 0.9480 + 0.0129 6.20 £+ 3.21
NUFFT 23.57 £ 1.07 0.6861 £ 0.0315 9.72 £ 3.54
Ax CS 32.31 £ 1.29 0.8125 + 0.0274 8.70 + 2.59
U-Net 31.72 £ 1.14 0.9000 + 0.0194 9.34 + 3.12
Ours 39.50 + 1.24 0.9402 + 0.0118 6.16 + 2.74

Qualitative Comparison. Fig. 4 shows that our method preserves sharper
structural details with less blurring than the compared methods and provides
concentration maps closer to the reference ones.

2%

Sodium Image
4x

Fig. 4. Visual comparison at 2x and 4x acceleration. Reconstructed images and TSC
maps are shown in the top and bottom rows, respectively.

Ablation Study. We illustrate the necessity of CMM by comparing two vari-
ants: training without and with CMM. As shown in Table 2, including the
concentration loss substantially improves the accuracy of the TSC map. The
results indicate that our model achieves an effective balance, delivering both
high-quality image reconstruction and concentration quantification.
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Table 2. Ablation study on the concentration loss for 2x and 4x acceleration.

Accel.|Setting Image Reconstruction TSC Quantification
PSNR (dB) SSIM MAE (mM)
2% w/o CMM| 39.55 + 1.06 0.9492 + 0.0103 7.79 £ 3.74
w/ CMM 40.16 + 1.25 0.9480 + 0.0129 6.20 + 3.21
Ax w/o CMM| 39.93 + 1.44 0.9410 £ 0.0125 9.17 4+ 4.90
w/ CMM 39.50 £ 1.24 0.9402 + 0.0118 6.16 + 2.74

Table 3. Prospective evaluation on three subjects for 2x and 4x acceleration.

Accel. Image Reconstruction TSC Quantification
PSNR (dB) SSIM MAE (mM)
2x 38.32 £ 0.25 0.9181 £ 0.0071 5.54 + 2.25
4x 37.76 £ 0.43 0.9137 £ 0.0050 6.24 £ 2.68

Prospective Evaluation. Besides retrospective study, we prospectively evalu-
ated three additional subjects acquired at 2x and 4x acceleration, together with
the corresponding reference acquisitions. Table 3 summarizes the reconstruction
and TSC quantification performance. We can see that even at 4x acceleration,
our model achieves an average PSNR of 37.76 dB and average MAE of 6.24 mM.

Reference SoReCon (2x) SoReCon (4x) Recon,qqr (2%) ReCON gngor (4%)

04
03
02
01
00

Sodium Images

TSC Map

Fig. 5. Prospective results for one representative subject. “Reconyendor”’ denotes the
image reconstructed by the vendor’s proprietary reconstruction pipeline.

Fig. 5 shows the results for a representative subject. The reconstructed images
and the corresponding TSC maps generated by our model exhibit substantially
improved agreement with the reference images and consistently outperform the
vendor-reconstructed images. These results demonstrate that our method pre-
serves both reconstruction quality and TSC quantification accuracy while reduc-
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ing the primary sodium acquisition time from 15 min to 3.75 min. Nevertheless,
prospective validation was conducted on only three subjects, and validation in
a larger prospective cohort is warranted.

4 Conclusion

In this paper, we presented SoReCon, the first end-to-end 3D deep unrolling
framework for joint sodium MRI reconstruction and concentration quantifica-
tion from undersampled radial k-space data. We first constructed a structurally
enhanced complex-valued training set for learning vendor-style sodium MRI re-
construction. To enable joint optimization of image reconstruction and concen-
tration quantification, we propose a differentiable concentration mapping mod-
ule that consists of B1 inhomogeneity correction, automatic phantom detection,
and linear transformation. Experiments show that our method achieves superior
performance in both reconstruction fidelity and concentration accuracy over the
compared methods for 2x and 4x accelerations. Prospective evaluation on three
additional subjects further demonstrates the feasibility of SoReCon under real
accelerated acquisition, reducing the primary sodium acquisition time from 15
min to 3.75 min at 4x acceleration while largely preserving both reconstruction
fidelity and concentration quantification performance. Our SoReCon opens up
new avenues for accelerated sodium MRI and potentially facilitates the integra-
tion of accelerated sodium MRI into clinical workflows.
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