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Abstract. Ultra-high-field fMRI at 7T enables submillimeter spatial
resolution but is fundamentally limited by thermal noise, which con-
strains temporal signal-to-noise ratio (tSNR) and statistical power in
task activation studies. NORDIC, the current standard for thermal noise
suppression, performs local, patch-wise decomposition using both spa-
tial and temporal redundancy within each patch, but requires complex-
valued (magnitude and phase) data. We present STUNet (SpatioTempo-
ral U-Net), a supervised deep learning model that denoises 7T task fMRI
using magnitude data only, eliminating the need for complex-valued ac-
quisition. STUNet combines a 3D U-Net encoder-decoder with a bidirec-
tional convolutional GRU bottleneck and a lightweight temporal mixing
block to jointly exploit spatial and temporal redundancies within a slid-
ing window of consecutive volumes, applying a global, learned, nonlinear
spatiotemporal model rather than NORDIC’s local, linear, patch-based
decomposition. The model was trained on noisy—clean pairs derived from
repeated in-house 7T acquisitions across seven healthy volunteers and
evaluated against NORDIC and unprocessed data on a held-out test scan
from an unseen volunteer, paradigm, resolution, and repetition time.
STUNet improved temporal SNR relative to unprocessed data (7.89 to
10.23, NORDIC: 12.98) and volume SNR (10.86 to 11.52, comparable
to NORDIC’s 11.39), and yielded activation sensitivity in AFNI-derived
GLM maps with a peak GLM t-statistic improvement (29.92 to 31.66),
closely comparable to NORDIC (32.12), though with spatially over-
extended activation clusters relative to NORDIC, attributable in part
to the total variation regularization term used during training. Beyond
its quantitative performance, STUNet’s magnitude-only design halves
the per-session data and storage requirements relative to NORDIC, of-
fering a practical advantage for research and clinical workflows in which
phase data are not retained.
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1 Introduction

Ultra-high-field fMRI at 7T enables submillimeter spatial resolution, opening
a window into cortical laminar and columnar organization that is inaccessible
at conventional field strengths. However, this resolution comes at a fundamen-
tal cost: at submillimeter voxel sizes, thermal noise dominates over physiologi-
cal noise, severely limiting temporal signal-to-noise ratio (tSNR) and statistical
power in task activation studies [8,9]. Effective post-acquisition denoising is
therefore essential to fully exploit the sensitivity gains that 7T offers.

The current state of the art for thermal noise suppression in fMRI is NORDIC |5,
9], which applies locally low-rank PCA in patch space to remove signal compo-
nents that are statistically indistinguishable from thermal noise. NORDIC has
demonstrated substantial tSNR improvements and increased activation sensitiv-
ity across a range of resolutions and acquisition protocols [5,9]. NORDIC oper-
ates on overlapping spatiotemporal patches, exploiting redundancy across both
a local spatial neighborhood and the timeseries within each patch; however, it re-
quires complex-valued data, requiring both magnitude and phase images — data
that are not always retained in standard research workflows, and that roughly
double per-session storage requirements. Moreover, NORDIC’s decomposition is
local and patch-wise, applied independently patch by patch, rather than mod-
eling spatial and temporal structure jointly and globally across the full image
volume and timeseries.

Deep learning approaches have begun to address the fMRI denoising prob-
lem from complementary angles. Early work proposed temporal convolutional
and recurrent architectures operating on individual voxel timeseries to suppress
physiological noise in task fMRI [10], while other methods framed denoising as
automated ICA noise-component classification using spatiotemporal CNNs [2]. A
more recent approach, architecturally closest to our own, combined 3D convolu-
tions with a convolutional LSTM to generate denoised fMRI volumes in a gener-
ative adversarial framework [11]. However, existing deep learning methods share
important limitations in the present context: they are predominantly designed
for resting-state or standard-resolution acquisitions rather than task fMRI at
7T [10,2], they do not target thermal noise specifically, and the 3DConv-LSTM
approach [11] requires the full volumetric timeseries for training and inference,
limiting its applicability to sliding-window or real-time settings.

We present STUNet (SpatioTemporal U-Net), a supervised deep learning
model for 7T task fMRI denoising that applies a global, learned, nonlinear spa-
tiotemporal model across the full image volume and timeseries jointly at infer-
ence, in contrast to NORDIC’s local, patch-wise, linear decomposition, while also
operating exclusively on magnitude data and eliminating the need for complex
acquisition and the associated storage overhead. A bidirectional convolutional
GRU bottleneck and a lightweight temporal mixing block enable the model to
jointly exploit spatial and temporal redundancies within a sliding window of
consecutive fMRI volumes. Trained on synthetic noisy—clean pairs derived from
repeated in-house 7T acquisitions, STUNet is evaluated against NORDIC on
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tSNR, peak SNR, and activation maps across motor and visual task paradigms
at 0.8 mm and 1 mm isotropic resolution.

2 Methods

2.1 NORDIC

NORDIC was applied using the standard publicly available implementation [4]
with default parameters, providing both magnitude and phase images as input
to enable optimal noise estimation.

2.2 STUNet Architecture

STUNet is a 3D U-Net encoder-decoder augmented with a bidirectional convo-
lutional GRU (ConvGRU) bottleneck and a lightweight temporal mixing block,
jointly exploiting spatial and temporal redundancies in magnitude-only fMRI
data (Fig. 1). The network takes a sliding window of W = 7 consecutive magni-
tude volumes as input, permuted to (B, W, Z, X, Y) for sequential processing.
The encoder applies three levels of Conv3D-BatchNorm—ReL.U blocks with in-
plane max-pooling, preserving the slice dimension Z throughout to maintain
compatibility with the recurrent bottleneck. Spatial dropout (rate =0.1) is ap-
plied at encoder levels 2-3. At the bottleneck, a bidirectional ConvGRU (hidden
size = 48, temporal kernel = 3) propagates hidden states along Z in both di-
rections, fusing forward and backward sequences via a 1x1x1 convolution to
integrate context across the full slice stack. The decoder mirrors the encoder
with transposed convolutions and skip connections [6]. A final 1x1x1 convolu-
tion projects to W output channels, followed by a depthwise temporal Convld
across W with Group Normalization and ReLU, refining temporal consistency
without additional spatial parameters. At inference, a spatial sliding window
of size W is applied along Z, retaining only the central slice per position; this
train/inference discrepancy may introduce mild boundary effects, discussed in
Section 4.

Enc 3 MaxPool Bidir. ConvGRU
(XY)

Input ﬁ‘ Enc 1 H MaxPool | ‘ Enc 2 P/MaxPool P
(B.1,X.Y,Z,W) " |ch: W—12] | (XY) |ch: 1224 | (XxY) |

ch: 2448 | along Z
Output _| Temporal Conv 1* Decl _ Upl _| Dec2 _  Up2 | De3 _  Up3
(B,L,X,Y,Z,W) block ch: 12-W ] ch: 2412 ch: 2412 ch: 4824 ch: 4824 | ch: 9648 | ch: 4848

Fig. 1. STUNet architecture. Purple: encoder with in-plane max-pooling preserving Z.
Pink: bidirectional ConvGRU bottleneck. Orange: decoder with transposed convolution
upsampling and skip connections (dashed). Teal: temporal mixing block across W.
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2.3 Data Acquisition

All data were acquired on a 7T SIGNA scanner (GE HealthCare) using a 32-
channel receive head coil. Seven healthy volunteers were scanned across multiple
sessions, yielding a primary dataset of 35 scans spanning motor, visual, and
sensory (brush tactile stimulation of left and right hand) task paradigms, at
temporal resolutions of TR =1s or TR =3s, and spatial resolutions of 1.0 mm
isotropic (whole-brain coverage) or 0.8 mm isotropic (reduced brain coverage),
all acquired using a 2D gradient-echo EPI sequence. A subset of acquisitions
included repeated runs of the same paradigm per volunteer, enabling the con-
struction of high-quality cleaner reference volumes by averaging across repe-
titions, which served as training targets (see Section 2.4). Data acquisition is
ongoing, and further volunteers will be incorporated into future versions of the
dataset to improve statistical robustness.

All acquisitions were exported as magnitude, real, and imaginary components
following DICOM-to-NIfTT conversion, making complex-valued data available
for all scans. However, STUNet is designed to operate exclusively on magnitude
images, eliminating the need for phase data at both training and inference time.
Complex-valued data were retained solely to enable application of NORDIC
as a reference method for comparison. Ethical approval was obtained and all
participants provided written informed consent prior to scanning.

2.4 Training

Training pair generation. Two complementary strategies were used. Leave-
one-out (LOO) pairs used each single repeat as the noisy input and the mean
of the remaining N — 1 repeats as the clean target, capturing real scanner noise
statistics including the Rician distribution of magnitude MRI [1]. Synthetic pairs
added simulated Rician noise (zero-mean Gaussian added independently to real
and imaginary components, o € [0.05, 0.20] of the local slice maximum) to the
full N-repeat mean, yielding three augmented samples per group with a cleaner
target than LOO alone. All volumes were globally min-max normalized across
the training dataset to preserve relative intensity differences. The noise range
o € [0.05, 0.20] of the local slice maximum was randomly sampled per slice, cho-
sen empirically to span from perceptible but mild degradation to severe noise
corruption, ensuring the model is exposed to a range of noise levels during train-
ing rather than a single fixed level.

Loss function. The network was trained using a combined L1 and total
variation (TV) loss [7]:

L=f(x) —y||1+AZ\/(Axf)2+(ﬂyf)2+(ﬂzf)2 (1)

.3,k

where f(z) is the network output, y is the clean target, A;, A,, A, denote finite
differences along each spatial dimension, and A = 3 x 107° weights the TV
regularizer relative to the L1 reconstruction term.
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Hyperparameters. The model was trained for up to 95 epochs with a
batch size of 4, using the Adam optimizer [3] with an initial learning rate of
1 x 1074, a 5-epoch linear warmup, followed by cosine annealing decay for the
remaining epochs. Training was performed on a single NVIDIA A100 80GB PCle
GPU (3g.39gb partition), with 40 CPU cores and 300 GB RAM. Model selection
across checkpoints was based on downstream functional metrics (tSNR, SNR
and GLM-derived statistical measures of task activation) on a held-out external
test volume rather than validation loss alone, as validation loss was observed to
be a poor proxy for denoising quality at this dataset size. tSNR and SNR were
tracked across checkpoints at 10-epoch intervals on the held-out test volume;
epoch 60 was selected as it lies within the stable plateau of this trend rather
than at a transient peak, balancing denoising performance against the risk of
overfitting at later epochs. This checkpoint was used for all results reported in
Section 3.

Dataset split. Groups with fewer than 2 repeats were excluded from train-
ing, as both the LOO and synthetic augmentation strategies require at least two
acquisitions of the same paradigm. The held-out test scan belongs to a volun-
teer whose scans did not meet this criterion and were therefore absent from the
training set entirely, ensuring the model has not been exposed to any data from
this individual during training.

Of the 35 scans in the dataset, those belonging to volunteers with at least
two repeats of the same paradigm were eligible for training; the remaining scans,
belonging to volunteers with only single acquisitions, were excluded from both
training strategies and constituted the held-out test set. Concretely, 26 scans
from six volunteers entered training and validation (10% subject-level holdout
for validation), while 9 scans from the remaining volunteer were excluded and
used for evaluation only.

2.5 Evaluation

STUNet was evaluated on a held-out test set comprising scans not used at any
stage of training or validation, a right-hand motor task fMRI scan of 1mm
isotropic resolution and TR =3s. For all evaluations, three conditions were
compared: unprocessed magnitude data, NORDIC-denoised data, and STUNet-
denoised data. NORDIC |[5,9] was used as the primary baseline, applied to the
held-out test scans using the standard publicly available implementation [4] with
default parameters; NORDIC requires complex-valued (magnitude and phase)
input, which was available for all test scans (Section 2.3).

Temporal SNR. Temporal signal-to-noise ratio (tSNR) was computed vox-
elwise as the ratio of the mean signal to its temporal standard deviation across
the run. tSNR maps were averaged within a brain mask to yield a scalar sum-
mary per scan. As the primary measure of noise suppression, higher tSNR is
expected following effective thermal denoising [9].

SNR. Volume signal-to-noise ratio (SNR) was computed as the ratio of mean
signal intensity within a whole-brain mask to the standard deviation of signal
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in the background (non-brain) region of the same volume, providing a noise
estimate independent of temporal variance and complementary to tSNR.

Activation maps. Task-based activation maps were generated using AFNI’s
3dDeconvolve general linear model (GLM) pipeline. For each condition, the ini-
tial four volumes were discarded to allow for signal stabilization, followed by mo-
tion correction (3dvolreg, rigid-body realignment to the first retained volume).
The GLM design used a single stimulus regressor (right-hand motor response)
convolved with a canonical SPM-style hemodynamic response function (SPMG1,
21s duration), a polynomial baseline of automatically selected order (-polort
A), and the six motion parameters from 3dvolreg included as nuisance regressors
of no interest. The same pipeline, design, and statistical threshold (|¢t| > 3.39,
two-tailed p < 0.001, df = 101) were applied identically to all three conditions.
Activation sensitivity was assessed by comparing peak GLM t-statistics and clus-
ter extent across conditions, and spatial specificity was evaluated through visual
inspection of activation overlays on anatomical reference images.

3 Experiments and Results

STUNet (base width 12, batch size 4, trained with in-plane flip and on-the-fly
Rician noise augmentation) was selected as the configuration reported in this
work. An earlier configuration trained without data augmentation and at higher
model capacity (base width 16) achieved higher headline tSNR and SNR values,
but exhibited a persistent train/validation L1 loss gap throughout training (a
relative gap of approximately 15-20%, as observed in training logs, between final
train and validation loss, versus under 5% for the configuration reported below)
and spatial non-uniformity in tSNR maps, both consistent with overfitting on
the limited training set; this configuration is therefore not reported further.
The configuration below shows a markedly tighter train/validation gap and a
checkpoint-stable improvement trend across epochs (Section 2.4), and is used
for all results reported here.

Temporal SNR, SNR, and activation statistics. Table 1 summarizes
tSNR, volume SNR, and peak activation t-statistics for the original, NORDIC-
denoised and STUNet-denoised conditions on a single representative held-out
test scan (1.0 mm isotropic, right-hand motor paradigm, TR = 3s). This single-
scan comparison is reported as an initial demonstration, and results should be
interpreted with corresponding caution regarding generalizability; extending the
evaluation to averaged metrics across the full held-out test set is planned as the
dataset and evaluation pipeline continue to expand (Section 4).

STUNet improved tSNR relative to the unprocessed data (7.89 — 10.23), in-
dicating a reduction in temporal signal fluctuation consistent with effective ther-
mal noise suppression, though more modest than the improvement achieved by
NORDIC (7.89 —12.98). STUNet’s volume SNR improvement (10.86 — 11.52)
was closely comparable to that of NORDIC (10.86 — 11.39), as was its peak
GLM t-statistic improvement (29.92 — 31.66 for STUNet, versus 29.92 — 32.12
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Table 1. Quantitative comparison of the original data and data denoised by STUNet v3
(Run B) and NORDIC. Performance was evaluated using whole-brain temporal signal-
to-noise ratio (tSNR), volume SNR, and peak GLM activation t-statistics. Relative
improvement over the original data is shown in parentheses.

Metric Original STUNet NORDIC
Average tSNR 7.89  10.23 (+30%) 12.98 (+64%)
Volume SNR 10.86  11.52 (+6%) 11.39 (+5%)

Peak GLM t-stat 29.92 31.66 (+1.74) 32.12 (+2.20)

for NORDIC), indicating that STUNet achieves activation sensitivity within a
comparable range to NORDIC, despite using only magnitude data.

Activation maps. Reported peak t-statistics and cluster metrics were com-
puted after masking each condition’s t-stat map with a brain mask derived from
its own denoised functional volume, to exclude suprathreshold voxels falling out-
side brain tissue. On this representative scan, the brain-masked peak t-statistic
for STUNet was 31.66, compared to 29.92 for the original data and 32.12 for
NORDIC. Cluster analysis at the same statistical threshold (|¢t| > 3.39) showed
that, as a percentage of each condition’s own brain mask, suprathreshold vox-
els comprised 1.78% for the original data, 4.85% for NORDIC, and 7.35% for
STUNet, with the largest cluster comprising 7,114 voxels (original), 21,276 voxels
(NORDIC), and 26,540 voxels (STUNet). This indicates a real, though compara-
tively modest once restricted to brain tissue, increase in activation cluster extent
for STUNet relative to both comparison conditions. This is discussed further in
Section 4.

Visual inspection of the STUNet output (Fig. 2) revealed a mild oversmooth-
ing effect relative to NORDIC and the original data, together with a faint hor-
izontal banding pattern in the STUNet tSNR map. These observations are dis-
cussed further in Section 4.

4 Discussion

STUNet achieved meaningful tSNR and volume SNR improvements relative to
unprocessed data, with activation sensitivity lower, but comparable to NORDIC
despite requiring only magnitude input (Table 1). While NORDIC’s tSNR, gain
was larger, STUNet’s volume SNR and GLM sensitivity were closely matched,
supporting its viability as a practical, lower-overhead alternative that approxi-
mately halves per-session storage and enables retrospective application to datasets
where phase data were not retained.

The faint horizontal banding pattern visible in the STUNet tSNR map (Fig. 2)
is consistent with the train/inference discrepancy along the slice dimension Z
noted in Section 2.2: during training the network processes the full slice ex-
tent, whereas at inference a sliding window of size W is applied along Z with
only the central slice retained per position, potentially introducing mild periodic
boundary effects at window transitions. Addressing this discrepancy — for in-
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T1.2 Denoising Results: STUNet vs. NORDIC vs. Original
(7T fMRI, GRE EPI | Slice z =90 | p < 0.001, df = 101)

Original Denoised (STUNet) Denoised (NORDIC)

7000.0

6000.0

5000.0

55)

4000.0

(t=

3000.0

Raw fMRI

2000.0

1000.0

tSNR map
(slice z = 90)

GLM activation
(|t] > 3.4, p < 0.001)

Fig. 2. Representative comparison of original, STUNet-denoised, and NORDIC-
denoised data (left to right). Row 1: raw fMRI slice (t = 55, slice z =90). Row 2: tSNR
maps. Row 3: GLM activation maps overlaid on EPI (|t| > 3.39, p < 0.001, df = 101).
Color scales are consistent across methods within each row.

stance through overlap-averaging of window outputs or a consistent Z-windowing
strategy in both training and inference — is a planned next step.

The larger activation clusters observed for STUNet after brain masking (Sec-
tion 3) could reflect a genuine sensitivity benefit, revealing task-related signal in-
distinguishable from noise in the unprocessed data. However, the spatial blurring
already visible in the denoised images suggests that cluster inflation driven by
smoothing plays at least some role. Three factors may likely contribute: the TV
regularization term penalizes spatial gradients, encouraging piecewise-smooth
outputs [7]; clean training targets were constructed by averaging repeated ac-
quisitions without prior inter-run coregistration, so residual misalignment may
have introduced blurring that the network learned to reproduce; and the dataset
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remains modest (seven volunteers, 35 scans), limiting the model’s ability to
learn fine spatial detail. Confirming whether additional suprathreshold voxels are
anatomically plausible extensions of the motor cortex or scattered into unrelated
regions would help distinguish genuine sensitivity gain from smoothing-driven
inflation, and is an important direction for future evaluation.

This work is further limited by the use of a single representative scan for
quantitative evaluation rather than averaged metrics across a fuller test set,
and generalization to patient populations remains to be demonstrated. No sta-
tistical significance testing was performed, as the single-scan evaluation does
not support meaningful inference about inter-subject variability. Planned next
steps include: inter-run coregistration of training targets; a Fourier-domain loss
term to better preserve high-frequency spatial detail [12]; a Gaussian-smoothed
baseline to verify that tSNR gains reflect learned denoising rather than simple
blurring; benchmarking against magnitude-only NORDIC; and expansion of the
training and evaluation datasets.

STUNet is a global, learned, nonlinear spatiotemporal denoising model for
7T task fMRI operating on magnitude data only. It achieves performance compa-
rable to NORDIC while approximately halving storage requirements and remov-
ing the phase-acquisition constraint. Spatial smoothing is the primary current
limitation and the focus of ongoing refinement.

Disclosure of Interests. The authors have no competing interests to declare.
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