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Abstract. Low-field MRI reduces the infrastructure burden of brain
imaging but suffers from low signal-to-noise ratio and long acquisitions.
We benchmark U-Net, CascadeNet, MoDL, DUN-DD, and E2E-VarNet
on real OSI2 ONE low-field data using nine-subject Leave-One-Subject-
Out (LOSO) validation at R = 2. E2E-VarNet achieved the highest
mean SSIM (0.8212 ± 0.0139) and PSNR (30.06 ± 0.75 dB), closely fol-
lowed by CascadeNet (0.8179 ± 0.0141; 30.03 ± 0.75 dB). Relative to
U-Net (0.5054 ± 0.0696; 22.56 ± 1.93 dB), these correspond to gains of
0.3158 SSIM and 7.50 dB for E2E-VarNet and 0.3125 SSIM and 7.47
dB for CascadeNet. CascadeNet uses 98 K parameters versus 1.48 M for
E2E-VarNet. Zero-shot tests from R = 2 to R = 12 show progressive
degradation for all models, with E2E-VarNet and CascadeNet retaining
the strongest high-acceleration performance.

Keywords: Low-field MRI · K-space reconstruction · Physics-informed
deep learning · Unrolled networks · Data consistency · OSI2 ONE dataset
· Cross-validation

1 Introduction

Magnetic resonance imaging (MRI) is the standard for soft-tissue diagnosis, but
conventional 1.5–3 T scanners require expensive infrastructure that limits access
in low-resource and rural settings [4]. Low-field systems below 0.1 T reduce this
burden through compact permanent-magnet designs, but their low signal-to-
noise ratio (SNR) and long fully sampled acquisitions make acceleration difficult.
Undersampling k-space shortens acquisition at the cost of aliasing and potential
loss of diagnostic structure.

Physics-informed unrolled networks alternate learned refinement with data
consistency (DC), providing a physical constraint that can reduce anatomically



implausible reconstruction. Most reconstruction work, however, targets high-
field, multi-channel MRI. The single-channel OSI2 ONE system has much lower
SNR, Rician noise, and no parallel-imaging coil sensitivities, making direct trans-
fer of high-field models inappropriate.
Contributions. We (i) resolve a scanner-specific metadata issue in which slice in-
formation is stored in the non-standard kspace_encode_step_2 field; (ii) bench-
mark five reconstruction paradigms on real 50 mT data with rigorous nine-fold
LOSO validation; and (iii) evaluate four scanner-grounded undersampling fami-
lies and a zero-shot R = 2–12 robustness sweep.

2 Related Work

MRI reconstruction estimates x from undersampled measurements y = FΩx +
η. Zero filling introduces aliasing, while compressed sensing exploits sparsity
through regularised optimisation [13]. U-Net models [16] offer faster reconstruc-
tion but do not explicitly enforce k-space fidelity [6]. Physics-informed and un-
rolled methods incorporate the acquisition model through DC. CascadeNet [17]
applies hard DC after CNN cascades; MoDL [1] alternates a shared denoiser with
conjugate-gradient DC; E2E-VarNet [18] uses gradient-based DC; and DUN-
DD [9] jointly processes k-space and image-domain representations. We compare
these approaches on real OSI2 ONE data.

3 Methods

3.1 Dataset and K-Space Assembly

Experiments use the OSI2 ONE dataset acquired on a 47 mT Halbach-based
system [2]: 427 ISMRMRD HDF5 files across six sub-datasets, of which 249
fully sampled files were retained. The acquisitions use a single-channel receiver
coil and 3D Turbo Spin Echo readout [7]. The 38 slices are encoded through
kspace_encode_step_2, rather than the conventional slice field [10]; treating
the files as standard volumes therefore scrambles anatomy. Each file is assembled
into a 38 × 136 × 150 array (slice × phase encoding × readout), incomplete
phase-encoding coverage is zero-padded, and magnitude is normalised by the
99th percentile (Fig. 1).

3.2 Leave-One-Subject-Out Cross-Validation

Nine subjects (9033, 9070, 9074, 9092, 9101, 9110, 9133, 9139, and 9147) are
evaluated with nine-fold LOSO validation. In each fold, one subject is completely
withheld and the remaining eight provide training data; each subject is held out
exactly once. This prevents correlated slices from the same subject appearing in
both training and evaluation.

Four acquisition-grounded mask families are implemented: variable-density
random with a fully sampled central 12.5% at R = 2; circular windowing; partial



Fig. 1. K-space assembly pipeline for the OSI2 ONE ISMRMRD format. The non-
standard slice encoding (kspace_encode_step_2) is corrected before reconstruction.

Table 1. Held-out subject for each LOSO fold. Training uses the other eight subjects.

Fold Held-out subject

1 9033
2 9070
3 9074
4 9092
5 9101
6 9110
7 9133
8 9139
9 9147

Fourier [14]; and locally low-rank (LLR) Poisson-disk sampling [19]. The com-
plete fold definition is retained in the supplementary material; the main text
preserves the subject-wise protocol and all evaluation conditions.

3.3 Model Architectures

We evaluate U-Net [16] (image-domain, no DC), CascadeNet [17] (k-space, hard
DC), MoDL [1] (k-space, conjugate-gradient exact DC), DUN-DD [9] (dual-
domain, soft DC), and E2E-VarNet [18] (k-space, gradient-based DC). Their
configurations are summarised in Table 2. U-Net uses image-domain encoder–
decoder regression; CascadeNet uses five CNN/DC cascades; MoDL uses eight
conjugate-gradient unrolled iterations; DUN-DD uses five dual-domain iterations
with λdc = 0.5; and E2E-VarNet uses eight gradient-based DC iterations.



Fig. 2. Undersampling mask library used in the benchmark. The masks are grounded
in OSI2 ONE acquisition protocols.

Table 2. Architecture comparison. Params = trainable parameters; DC = data con-
sistency.

Model Params Iter. DC Domain

U-Net 1.93 M 1 None Image
CascadeNet 98 K 5 Hard K-space
MoDL 114 K 8 CG exact K-space
DUN-DD 77 K 5 Soft Dual
E2E-VarNet 1.48 M 8 Gradient K-space

3.4 Loss Function and Training

Training minimises the hybrid objective

L(K̂,K∗) = 0.7LHuber(K̂,K∗) + 0.3L1

(︂
F−1K̂,F−1K∗

)︂
, (1)

where K̂ is reconstructed k-space, K∗ the fully sampled target, and F−1 the
inverse Fourier transform. The Huber term promotes robust frequency-domain
fidelity and the image-domain L1 term preserves structure and edges. Models
are trained for up to 40 epochs with Adam [11], initial learning rate 10−3, cosine
annealing [12], gradient clipping at norm ≤ 1.0, batch size 8, and dual NVIDIA
T4 GPUs. No explicit image-space augmentation is used; the variable-density
mask is regenerated independently for each sample at each epoch, providing
changing sampling realisations.

4 Experiments and Results

4.1 Evaluation Metrics

Metrics are computed on normalised magnitude images after inverse Fourier
transformation of predicted k-space. SSIM [20] is the primary structural met-
ric and PSNR is the complementary pixel-fidelity metric. Mean and standard
deviation are calculated across the nine held-out subjects.



Fig. 3. Architecture of the two leading models. Thick borders denote data-consistency
blocks.

Table 3. Nine-fold LOSO performance at R = 2. Differences are relative to U-Net.

Model SSIM SD ∆SSIM PSNR SD ∆PSNR

U-Net 0.5054 0.0696 – 22.56 1.93 –
DUN-DD 0.8009 0.0177 +0.2955 28.72 1.00 +6.16
CascadeNet 0.8179 0.0141 +0.3125 30.03 0.75 +7.47
E2E-VarNet 0.8212 0.0139 +0.3158 30.06 0.75 +7.50
MoDL 0.7396 0.0844 +0.2342 27.22 2.15 +4.66

4.2 LOSO Cross-Validation Comparison at R = 2

Table 3 reports performance at the training acceleration factor. E2E-VarNet
achieves the highest mean SSIM (0.8212± 0.0139) and PSNR (30.06± 0.75 dB).
CascadeNet is nearly identical (0.8179±0.0141; 30.03±0.75 dB) while using only
98 K parameters versus 1.48 M for E2E-VarNet. DUN-DD also substantially
improves over U-Net; MoDL has the largest fold-to-fold variability.

4.3 Visual Reconstruction and Error Map Analysis

Figure 4 shows a representative mid-brain slice at R = 2. Physics-informed
models preserve anatomical structure more convincingly than U-Net; Casca-
deNet and E2E-VarNet show the strongest agreement with the reference, DUN-
DD preserves major structures, and MoDL is comparatively smooth. These
are representative-slice observations, not substitutes for the nine-fold aggregate
statistics.

4.4 Zero-Shot Generalization and Reliability Sweep

Models trained strictly at R = 2 are evaluated without retraining at R =
4, 6, 8, 10, 12. Table 4 reports the new aggregate PSNR and SSIM results. The
representative R = 2 slice-27 values are included separately because the ac-
companying visual sweep uses the clearest mid-brain slice. Across acceleration,
both metrics decline for every model; E2E-VarNet and CascadeNet retain the



Fig. 4. Representative mid-brain reconstruction comparison at R = 2 for slice 27.
Input, model output, and target/reference images are shown for CascadeNet, DUN-
DD, E2E-VarNet, MoDL, and U-Net.

strongest values at the most aggressive factors, while U-Net starts substantially
lower and converges toward the other models at high acceleration.

Table 4. Zero-shot acceleration sweep. Models are trained only at R = 2. Aggregate
columns report the new results; R = 2 (slice 27) reports the representative slice values
used for visual inspection. Mean is the mean of the six aggregate acceleration values
R = 2–12.

PSNR (dB)
Model R = 2 R = 2 (slice 27) R = 4 R = 6 R = 8 R = 10 R = 12

CascadeNet 30.98 33.59 26.23 24.41 23.38 22.75 22.27
DUN-DD 29.56 32.26 24.16 22.13 21.18 20.66 20.32
E2E-VarNet 30.92 34.59 26.11 24.23 23.18 22.49 21.99
MoDL 29.40 32.97 24.22 22.35 21.42 20.93 20.58
U-Net 26.56 29.19 24.21 22.87 22.14 21.73 21.42

SSIM
Model R = 2 R = 2 (slice 27) R = 4 R = 6 R = 8 R = 10 R = 12

CascadeNet 0.8303 0.9058 0.6228 0.5384 0.4927 0.4631 0.4417
DUN-DD 0.8280 0.9127 0.5908 0.4970 0.4493 0.4204 0.3999
E2E-VarNet 0.8331 0.9195 0.6261 0.5404 0.4947 0.4650 0.4438
MoDL 0.8070 0.9000 0.5687 0.4845 0.4429 0.4180 0.4014
U-Net 0.6139 0.7989 0.5399 0.4932 0.4662 0.4484 0.4361

Aggregate means across R = 2–12: CascadeNet 25.00 dB / 0.5648; DUN-DD 23.00 dB
/ 0.5309; E2E-VarNet 24.82 dB / 0.5672; MoDL 23.15 dB / 0.5204; U-Net 23.16 dB /

0.4996.



Figure 6 provides a representative CascadeNet visual sweep. The new slice-
27 examples show that image quality decreases as acceleration increases, with
progressively reduced fine detail and contrast.

Visual inspection of the representative slice-27 sweep shows model-specific
failure patterns. E2E-VarNet and CascadeNet remain visually usable through
R = 4, while important anatomical features become blurred from R = 6 on-
ward. DUN-DD maintains anatomical detail through R = 6 but exhibits a linear

Fig. 5. Aggregate acceleration sweep for the five reconstruction models. PSNR and
SSIM are plotted as acceleration increases from R = 2 to R = 12 using the new
reported results.

Fig. 6. CascadeNet reconstruction quality across acceleration factors for slice 27 in the
best validation fold (held-out subject 9147). Each panel reports PSNR and SSIM for
the reconstructed brain image.



artefact in the centre. MoDL maintains detail through R = 4; an artefact then
emerges and worsens through R = 12 as the images become blurrier. U-Net
begins losing anatomical detail at R = 4 and becomes progressively blurrier
through R = 12.

5 Discussion

5.1 Data Consistency as the Critical Robustness Prior

Every unrolled architecture substantially outperforms U-Net in the subject-wise
benchmark. E2E-VarNet provides the largest gain (+0.3158 SSIM, +7.50 dB
PSNR), followed closely by CascadeNet (+0.3125 SSIM, +7.47 dB). The result
is consistent with DC acting as a physical anchor: measured k-space constrains
learned updates and reduces sensitivity to unseen anatomy and acquisition vari-
ation.

5.2 CascadeNet Efficiency and Safety

CascadeNet is especially attractive for resource-constrained reconstruction. Its
mean SSIM and PSNR are nearly indistinguishable from E2E-VarNet while its 98
K parameters are about 15× fewer than E2E-VarNet’s 1.48 M. Hard DC prevents
the learned component from overwriting acquired k-space samples, providing a
direct physical constraint.

5.3 Dual-Domain, MoDL, and Limitations

DUN-DD reaches SSIM 0.8009 and PSNR 28.72 dB, with stable SSIM variability
(SD 0.0177). MoDL reaches 0.7396 SSIM and 27.22 dB PSNR but has the largest
variability (SSIM SD 0.0844; PSNR SD 2.15 dB). The dataset contains only nine
volunteer scans with fully sampled data, so performance on pathological cases
and larger populations is unknown. Training uses retrospective undersampling
of fully sampled acquisitions; available real R1/R2 acquisitions were obtained in
separate sessions with inconsistent contrasts, preventing clean paired real-world
evaluation. Larger datasets and prospectively paired acquisitions are needed.

6 Impact in Resource-Constrained Settings

Physics-informed reconstruction can improve low-field MRI quality while accom-
modating subject-wise distribution shift. The acceleration sweep shows progres-
sive degradation across all models, with E2E-VarNet and CascadeNet retaining
the strongest aggregate performance at high acceleration. U-Net starts substan-
tially lower at R = 2 and becomes closer to the other models at higher accel-
eration, although its visual detail degrades from R = 4 onward. CascadeNet
also achieves near-leading quality with roughly 15× fewer parameters than E2E-
VarNet. This efficiency is relevant to portable scanners and resource-limited
reconstruction hardware, although clinical deployment requires prospective val-
idation.



7 Conclusion

We present a reproducible benchmark of five reconstruction paradigms on the
OSI2 ONE 47 mT dataset. Scanner-specific k-space assembly and nine-fold
LOSO validation address key data-engineering and generalisation issues. At
R = 2, E2E-VarNet achieves the highest mean SSIM and PSNR, while Cas-
cadeNet provides nearly identical quality with about 15× fewer parameters.
Physics-informed models outperform U-Net at the training acceleration, while
the zero-shot sweep shows that robustness depends on acceleration factor: E2E-
VarNet and CascadeNet retain the strongest high-acceleration results, whereas
DUN-DD and MoDL decline below U-Net at the highest factors. The sweep is
retrospective and synthetic, not a clinically validated acceleration limit; prospec-
tive paired acquisitions and broader populations are required before deployment
claims.
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