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Abstract. Accurate assessment of vascular pathologies, such as aneurysms,
requires reliable visualization of the cerebral vasculature. Time-of-Flight
MR angiography (TOF-MRA) is a standard MRI technique for non-
contrast, radiation-free imaging of the intracranial vasculature. However,
anisotropic resolution and orientation-dependent sensitivity limit depic-
tion of small or in-plane vessels, especially with slow flow. While TOF-
MRA is primarily structural, 4D Flow MRI provides flow measurements,
though long, gated, low-resolution acquisitions restrict brain coverage
and limit routine clinical use in neuroimaging. In this work, we propose
TOFlow, a neural reconstruction framework that fuses multi-orientation
TOF-MRA acquisitions to address anisotropy and orientation-dependent
signal effects and enable flow-related information estimation. The method
integrates multi-view scans and incorporates a streamline-consistency
constraint to resolve directional ambiguity and enforce coherent flow
patterns. Experimental results demonstrate that TOFlow produces high-
quality isotropic reconstructions while preserving signal-to-noise char-
acteristics and enabling estimation of relative flow patterns and direc-
tionality. These findings are supported by quantitative image quality
metrics and qualitative radiologists’ evaluation. Voxel-wise flow-direction
and relative-intensity maps demonstrate improved directional coherence
relative to 4D Flow MRI, as quantified by vessel-alignment and velocity-
profile metrics. These results support TOFlow as a TOF-MRA-based
framework for isotropic reconstruction and flow mapping.

Keywords: TOF-MRA - Implicit Neural Representation - 3D Recon-
struction - Cerebral Vasculature

1 Introduction

Accurate visualization of the vascular network is important for the diagno-
sis and longitudinal follow-up of cerebrovascular diseases, such as intracranial
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aneurysms, arterial stenosis or occlusion, and arteriovenous malformations [7].
In current clinical practice, Time-of-Flight Magnetic Resonance Angiography
(TOF-MRA) is a widely used non-invasive modality for neurovascular imaging
due to high its strong vessel-to-background contrast and independence from con-
trast agents [6]. TOF-MRA can be acquired using either 3D or 2D sequences.
While 3D TOF is the standard technique for intracranial angiography due to its
high spatial resolution, 2D TOF is used in clinical practice when greater sensitiv-
ity to slow flow is needed, such as in distal vessels or venography [10]. Despite its
widespread clinical use, standard 3D TOF-MRA remains limited by anisotropic
resolution and physics-based sensitivity to blood-flow orientation relative to the
imaging plane. These technical limitations often lead to signal loss in vessels with
in-plane or slow-flow components, preventing the consistent depiction of small
or tortuous vessels [13].

4D Flow MRI is an imaging technique that provides time-resolved, 3D visu-
alization of blood flow and enables quantitative assessment of vascular hemody-
namics. However, its application in neurovascular imaging is constrained by long
acquisition times and relatively low spatial resolution, which limit its ability to
resolve fine intracranial vessels [8].

Developments in Implicit Neural Representations (INRs), such as Neural
Radiance Fields (NeRFs) [9], have offered a paradigm shift in volumetric recon-
struction by modeling volumes as continuous, resolution-agnostic functions. The
NeSVoR (Neural Slice-to-Volume Reconstruction) framework [14] has demon-
strated the potential of these models to integrate heterogeneous slice data into
cohesive volumes, particularly in motion-prone scenarios like fetal MRI. How-
ever, the application of INRs to TOF-MRA has not been previously explored,
and standard formulations are designed for scalar intensity fields rather than
the vector-valued representations, where signal intensity varies across different
orientations due to flow-dependent effects.

In this paper, we introduce TOFlow, a neural reconstruction framework for
isotropic super-resolution and voxel-wise blood-flow mapping in cerebral TOF-
MRA. Our main contributions are:

1. Leveraging multi-orientation TOF-MRA acquisitions and the orientation-
dependent nature of the TOF signal for isotropic reconstruction and flow-
related estimation.

2. Extending the NeSVoR framework to learn voxel-wise vector-valued repre-
sentations of flow magnitude and direction from TOF-MRA data.

3. Introducing a streamline-consistency loss to resolve directional ambiguity
and enforce coherent vessel-aligned flow estimation.

Together, these contributions enable high-resolution reconstruction and coher-
ent flow-direction estimation from clinical TOF-MRA without dedicated flow
imaging.
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2 Methodology

TOFlow pipeline is illustrated in Fig. 1. The framework reconstructs an isotropic
volume and estimates voxel-wise flow direction from multi-orientation TOF-
MRA acquisitions.
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Fig.1. TOFlow pipeline. Multi-orientation TOF-MRA is used to reconstruct an
isotropic volume and estimate voxel-wise flow. Gray denotes resolution mode, and light
blue denotes flow mode.

2.1 Multi-Orientation Acquisition and Preprocessing

Multi-orientation TOF-MRA acquisitions were obtained to exploit the orientation-
dependent nature of the TOF signal. For isotropic reconstruction, two axial 3D
TOF-MRA scans were acquired, including a standard clinical scan and an addi-
tional scan rotated by approximately 23°. For flow mapping, in addition to the
axial 3D TOF-MRA scan, two 2D TOF-MRA acquisitions were obtained in the
coronal and sagittal planes.

All scans were resampled into the coordinate system of the axial 3D TOF
reference volume using rigid transformations estimated with ANTsPy [1], bring-
ing the volumes into a shared coordinate space while preserving acquisition ge-
ometry. Skull stripping was performed using SynthStrip [4] and for isotropic
reconstruction, the resulting brain mask was resampled to the target isotropic
resolution and used to define the coordinates sampled during reconstruction.
Histogram equalization was applied using SimpleITK [15]. For flow-mapping, an
additional intensity-based vessel segmentation was performed in 3D Slicer [2] to
generate masks that guided sampling of the reconstructed flow field.

2.2 Network Architecture

As shown in Fig. 1, the core of TOFlow is an implicit neural representation based
on a modified NeSVoR model [14], where spatial coordinates x € R3 are en-
coded using multi-resolution hash-grid encoding ¢(x) and processed by a multi-
layer perceptron (MLP). An auxiliary uncertainty head predicts the log-variance
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log(c%(x)) for per-point uncertainty weighting, utilizing acquisition-specific slice
embeddings. The network architecture employs task-specific heads to parame-
terize the output V(x). TOFlow operates in two modes: resolution mode for
isotropic reconstruction and flow mode for estimating voxel-wise flow direc-
tion. In resolution mode, the network predicts axis-specific magnitude compo-
nents (mg,m,, m,) constrained by a softplus activation. The final reconstructed
isotropic volume is obtained by sampling the m, component, corresponding to
the primary axial acquisition direction. In flow mode, the network predicts mag-
nitude (mg, my, m,) and direction (s, sy, s;) components. Direction values are
discretized to 41 to represent signed flow orientation, and a straight-through es-
timator is used to enable gradient propagation during training. The final signed
flow vector is computed as their element-wise product, representing 3D flow
direction and relative magnitude.

2.3 Loss Functions

The training loss builds on the formulation of NeSVoR [14], including Gaussian
negative log-likelihood data fidelity, spatial regularization, and uncertainty regu-
larization. The data fidelity term is modified to explicitly account for orientation-
dependent TOF signal formation. Instead of directly comparing predicted and
observed intensities, the acquired slice intensity is compared to a synthesized
signal obtained by projecting the predicted magnitude vector onto the corre-
sponding slice normal. For the resolution branch, a foreground separation loss
using binary cross-entropy is applied to the projected signal to encourage sharper
contrast between the vasculature and the background.

Streamline Consistency Loss. To resolve the directional sign ambiguity in-
herent in TOF-MRA, the flow-mapping pipeline introduces a novel Streamline-
Consistency Loss. This loss initializes seed points within the vessel mask and
advances them in the predicted direction for N steps to trace streamlines. For-
mally, the loss is defined as

N N
1 1
Estreamline = N ; (1 - cos(9t)) + )‘exit (1 - T ; M(t)> (1>

The loss consists of two components. The first penalizes the angle 6; between
consecutive steps, enforcing directional coherence along vessels. The second ap-
plies an early-exit penalty using a soft vessel indicator M (t) € [0, 1] obtained by
bilinear sampling of the vessel mask, where premature exit results in a larger
penalty weighted by Aexit. Here, T' denotes the maximum number of tracing
steps and N the number of valid steps. In our experiments, Ayt Was set to 0.5,
and the number of tracing steps was gradually increased from 20 to 30 during
training, with step size 0.1 and early-exit penalty weight 0.5.
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3 Experimental Results

3.1 Dataset

Six subjects were included for isotropic reconstruction evaluation, including five
healthy controls and one patient with an intracranial aneurysm. Three of these
subjects had reference high-resolution isotropic 3D TOF-MRA available for
quantitative comparison. Flow-mapping evaluation was performed on six sub-
jects, with partial overlap between the cohorts, including one subject with refer-
ence 4D Flow MRI. All scans were acquired on 3T Siemens Prisma or Cima.X Fit
systems. The protocol for isotropic reconstruction included 3D axial TOF-MRA
with 0.3-0.4 mm in-plane resolution and 0.6-0.7 mm slice thickness. The flow
protocol combined one 3D TOF axial and two orthogonal 2D TOF acquisitions
with voxel size of approximately 1 x 1 x 1.5 mm?3. Reference high-resolution
isotropic 3D TOF-MRA was acquired at 0.3 mm isotropic resolution. In one
subject, reference 4D Flow MRI with cardiac gating was additionally acquired
for flow comparison.

This study was approved by the local ethics committee of Tel Aviv Sourasky
Medical Center (Helsinki Committee, Approval No. 0038-08).

3.2 Implementation Details

The implicit neural representation was optimized separately for each subject
and reconstruction task, learning a continuous representation directly from the
acquired multi-orientation scans. Reconstruction required approximately 13 min-
utes per subject for each reconstruction task. TOFlow was implemented in Py-
Torch and trained on a Linux workstation with an NVIDIA RTX 4060 Ti GPU
with 16 GB memory. The model was optimized using AdamW with initial learn-
ing rate 5 x 1073, batch size 2,048 and 8,000 iterations. The MLP network
consisted of one hidden layer with 64 neurons and ReLU activation.

3.3 Evaluation Metrics

Reconstruction quality was evaluated using PSNR, SSIM, NRMSE, and NCC,
and perceptual quality using FID [3] and VIF [12]. Global SNR was estimated
using a three-component Gaussian mixture model representing cerebrospinal
fluid, brain tissue, and vasculature. Flow mapping accuracy was quantified using
magnitude-weighted Flow Jet Angle (FJA) and normalized Flow Displacement
(FD), computed on vessel cross-sections orthogonal to the centerline [11]. Qual-
itative evaluation was performed in a blinded manner by a neuroradiologist and
an interventional radiologist using a five-point Likert scale. Flow maps were ad-
ditionally reviewed for anatomical plausibility. This radiological evaluation was
conducted on a research workstation display rather than a clinical diagnostic
monitor.
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3.4 Isotropic Reconstruction Results

Quantitative analysis. We quantitatively compared the proposed TOFlow
reconstruction with NeSVoR reconstruction adapted for high-resolution TOF-
MRA and with a classical slice-to-volume reconstruction using SVRTK [5]. Re-
sults are summarized in Table 1.

Table 1. Quantitative comparison between SVRTK, NeSVoR, and the proposed
TOFlow method. Values are mean + standard deviation.

Image Quality Metrics Perceptual Metrics
Method PSNR 1 SSIM 1 NRMSE | NCC 1t VIF 1 FID |
SVRTK | 37.55 +£ 1.94 0.98 + 0.01 0.013 £ 0.002 0.93 = 0.02 | 0.60 £ 0.07 2.89 £ 0.78
NeSVoR| 33.02 £ 2.34 0.26 £ 0.03 0.02 £ 0.01 0.97 + 0.01| 0.39 + 0.05 5.52 £ 1.58
TOFlow|39.48 £+ 1.67 0.97 &+ 0.01 0.011 &+ 0.002 0.95 + 0.01 |0.67 + 0.06 2.89 + 0.85

TOFlow demonstrated improved reconstruction fidelity and perceptual qual-
ity compared to NeSVoR and SVRTK, achieving the best overall performance
across most quantitative and perceptual metrics. Visual comparison in Fig. 2
further illustrates improved preservation of fine vascular structures.

SNR analysis. In three subjects with available isotropic high-resolution TOF-
MRA acquisitions, TOFlow achieved higher SNR than the acquired isotropic
scan, reaching 14.96 4+ 0.27 compared to 10.73 £ 0.66, corresponding to an SNR
ratio of 1.40 £ 0.11, which closely matches the theoretical V2 improvement ex-
pected from combining two independent acquisitions. Across all six subjects, re-
constructed volumes achieved an SNR of 13.11 + 2.64 compared to 12.42 + 2.00
in the original acquisitions, indicating that signal quality was preserved despite
the increased spatial resolution.

Radiologist evaluation. Qualitative assessment focused on diagnostic inter-
pretability, depiction of small and distal vessels, image noise and artifacts, and
overall clinical usability. All TOFlow reconstructions were considered diagnos-
tically interpretable by both readers, and a confident clinical report could be
issued in all cases. The neuroradiologist noted improved visualization of distal
and small-caliber vessels in several reconstructions. Similarly, the interventional
radiologist frequently rated the reconstructed volumes higher in terms of noise
and artifacts, indicating cleaner appearance and improved signal-to-noise charac-
teristics in those cases. At the same time, both radiologists noted reconstruction-
related artifacts in some subjects, including pixelated or artificial appearance,
which affected subjective vessel sharpness. Despite these limitations, clinically
relevant vascular anatomy was preserved, and improved depiction of small vessels
was observed in several cases.
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Original Isotropic acquisition NeSVoR TOFlow

Fig. 2. Visual comparison of 3D-TOF volumes. The original axial TOF-MRA is shown
as reference, alongside the direct isotropic acquisition and isotropic reconstructions
obtained using SVRTK, NeSVoR, and the proposed TOFlow method.

RGB Directions X Axis Magnitude Y Axis Magnitude Z Axis Magnitude

Fig. 3. Visualization of the reconstructed vascular flow direction field. The left column
shows RGB-encoded flow directions, where red, green, and blue correspond to the x, y,
and z direction components, respectively. The remaining columns show the magnitude
of each directional component separately.
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3.5 Flow Mapping Results

Comparison with 4D Flow MRI Quantitative comparison with 4D Flow
MRI was performed in one subject with available reference data and was used as
an exploratory proof-of-concept comparison. TOFlow achieved lower FJA and
FD values compared to 4D Flow MRI, indicating closer alignment of flow vectors
with vessel centerlines and a more centered velocity distribution. As shown in
Fig. 4, the distributions for TOFlow are shifted toward lower values for both
metrics, reflecting improved directional coherence and physiologically consistent
flow patterns.

Magnitude-Weighted Flow Jet Angle Normalized Flow Displacement

e —_| / 0.10£0.14

"‘ \ med = 0.06
TOFlow I j TOFlow L S

P R T N 0184019
// ;\\\lm’.d =0.11
4D-Flow K ey 4D-Flow —

Method
Method

0 20 40 60 80 0.0 0.2 0.4 0.6 0.8 1.0
Magnitude-Weighted Flow Jet Angle (degrees) Normalized Flow Displacement (unitless)

Fig. 4. TOFlow and 4D Flow MRI comparison in one subject.

Streamline-consistency loss ablation study The contribution of the streamline-
consistency loss was evaluated by comparing models trained with and without
this loss term. The model with streamline-consistency loss achieved a lower
subject-averaged FJA of 44.64+2.37° compared to 56.67+0.77° for the model
trained without the loss, demonstrating that the streamline-consistency loss im-
proves directional consistency. FD values were similar between configurations
(0.1440.01 without the loss vs. 0.15+0.01 with the loss), indicating that the
streamline-consistency loss improves directional consistency while preserving the
overall velocity distribution.

Radiologist evaluation. Qualitative assessment focused on the anatomical
plausibility of the predicted flow patterns and directional coherence along ves-
sels. Flow visualizations generated by TOFlow were considered visually inter-
pretable by the neuroradiologist, with coherent and physiologically plausible
directional organization and clear depiction of relative flow differences across
vessels. The visualizations were regarded as promising for illustrating vascular
flow behavior and exploring flow-related alterations. The radiologist emphasized
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that systematic evaluation across larger cohorts, including direct comparison be-
tween healthy and pathological cases, together with quantitative analysis, will be
necessary to establish clinically meaningful conclusions and determine potential
clinical utility.

4 Conclusion

We presented TOFlow, a neural field-based framework for isotropic reconstruc-
tion and directional flow mapping from multi-orientation TOF-MRA acquisi-
tions. By integrating complementary information across scan orientations, TOFlow
enables reconstruction of high-resolution isotropic volumes and estimation of
voxel-wise flow direction and relative velocity without dedicated flow imaging.
Quantitative and qualitative evaluation demonstrated improved reconstruction
quality compared to direct isotropic acquisitions and showed that the predicted
flow patterns are anatomically plausible and clinically interpretable. Future work
will focus on validation in larger and more diverse cohorts, quantitative compari-
son with 4D Flow MRI in a larger number of subjects, optimization of acquisition
protocols and reconstruction efficiency, and further development of the frame-
work toward improved flow quantification and evaluation of its potential clinical
utility for assessing vascular abnormalities.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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