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Abstract. Diffusion MRI of the fetal brain has potential to provide im-
portant insights into early development of white matter fibers. However,
in vivo fetal acquisitions are severely corrupted by unpredictable motion,
making the data unusable for downstream analysis. To address this chal-
lenge, we propose an implicit neural representation framework for fetal
diffusion MRI reconstruction. The proposed method models the diffu-
sion signal as a spatially and angularly continuous field by predicting
direction-independent spherical harmonics (SH) coefficients from contin-
uous spatial coordinates. Based on this representation, we formulate a
physics-based forward slice acquisition model that links the underlying
clean diffusion volume with the observed motion-corrupted slices, en-
abling joint optimization of the diffusion signal, fetal motion and acqui-
sition artefacts. Furthermore, the single slice orientation acquisition typ-
ically used for each diffusion gradient introduces an ill-posed reconstruc-
tion problem along the slice-select direction. To mitigate this issue, we
introduce a novel Through-Plane Continuity regularization loss that en-
forces smoothness in through-plane direction to suppress stripe artifacts,
while preserving genuine anatomical details. Experiments on one in vivo
fetal dataset and two simulated neonatal datasets demonstrate that the
proposed framework achieves improved reconstruction fidelity, sharper
anatomical features, and stronger robustness to acquisition artifacts. The
code is available at: https://github.com/baby-MedIA/INR-dMRI-Recon
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1 Introduction

Diffusion Magnetic Resonance Imaging (dMRI) is a non-invasive modality for
detailed investigation of developing white matter tracts in fetal brain by probing
the restricted random walk of water molecules within tissues [12-14}201/21}261/41]
However, acquiring high-fidelity 3D fetal MRI is profoundly challenged by un-
predictable fetal motion. Although single-shot fast imaging sequences such as
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Fig.1: Visualization of fetal diffusion MRI reconstruction. (a) Motion-corrupted
diffusion-weighted images. (b) Reconstructed diffusion-weighted images. (c¢) SH-based
diffusion representation where each voxel corresponds to a spherical function. (d) Fiber
orientation density estimated from the reconstructed SH representation.

Echo Planar Imaging effectively freeze motion during acquisition of each
2D slice, the inter-slice motion remains present (Fig. ) This misalignment re-
sults in corrupted 3D volumes that are fundamentally unsuitable for quantitative
microstructural analysis (Fig. [4] (a)).

To recover high-resolution continuous volumes from these corrupted stacks,
Slice-to-Volume Reconstruction (SVR) algorithms have
been extensively developed. Traditional model-based methods employ
an iterative two-stage optimization process alternating between slice-to-volume
registration and scattered data interpolation. Initial learning-based paradigms
emulate this two-stage strategy by training deep neural networks
|§|, to predict slice motion parameters and subsequently apply super-
resolution algorithms. While these supervised architectures significantly reduce
processing time and deliver strong performance, they critically depend on the
availability of high-quality motion-free data to serve as pseudo-ground truth
during the training phase. To bypass this severe data dependency constraint,
self-supervised approaches leveraging Implicit Neural Representations
(INR) have demonstrated great promise. By mapping continuous spatial
coordinates to image intensities and simulating the physical slice acquisition
process, these implicit frameworks jointly optimize the underlying 3D volume
alongside rigid motion and bias fields to achieve rapid super-resolution without
requiring external training data.

However, current learning-based SVR frameworks are designed for structural
MRI, which models a simple scalar intensity field. Diffusion MRI, on the other
hand, embodies voxels with complex spherical functions where the observed sig-
nal depends heavily on the applied diffusion gradient vector @, require cor-
rection of the relative orientation of the tissue microstructure disrupted by fetal
motion, and require sampling diverse gradient directions within a strictly limited
scan time. Consequently, data for any specific gradient is typically acquired along
a single slice orientation rather than the mutually orthogonal stacks common in
structural imaging . This lack of intersecting geometric constraints causes
the network to overfit through-plane motion artifacts as high-frequency signals
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which visually manifests as severe stripe artifacts aligned with the acquisition
plane (see Fig. [5).

Current model-based SVR frameworks for fetal diffusion imaging |25 com-
bine traditional slice-to-volume registration pipelines with per-voxel spherical
harmonics (SH) fitting. Operating on a pre-defined discrete voxel grid inherently
imposes a computational complexity bottleneck that restricts high-resolution
outputs. Crucially, these classical pipelines lack explicit geometric regularization
to counteract the single-orientation acquisition constraints which introduce the
stripe artifacts directly into the reconstructed volume.

The main contributions of this work are summarized as follows:

— To the best of our knowledge, we propose the first learning-based reconstruc-
tion approach for motion-corrupted fetal diffusion MRI (Fig. ) This self-
supervised INR framework estimates the underlying diffusion signal (Fig. [Ip)
as a continuous SH-parameterized 3D field (Fig. [lk), while correcting fetal
motion, gradient orientation, and acquisition-specific nuisance parameters
within a unified end-to-end optimization scheme.

— We introduce a novel Through-Plane Continuity regularization that explic-
itly targets stripe artifacts that are difficult to correct in single-orientation
acquisitions (Fig. ) By penalizing signal discontinuities along the slice-
selection axis, we suppress motion-induced striping while preserving genuine
anatomical boundaries.

— The reconstructed diffusion signal (Fig. ) is represented in a continuous SH
basis, which naturally supports estimation of Fiber Orientation Distributions
(Fig. [Id) estimation via Constrained Spherical Deconvolution [30,[31] and
facilitates tractography without additional resampling or interpolation.

— Extensive experiments demonstrate that the proposed method achieves su-
perior reconstruction fidelity, sharper structural detail, and improved artifact
suppression compared to classical iterative reconstruction methods.

2 Methods

2.1 Continuous Representation of Diffusion MRI Signal

Diffusion MRI (dMRI) is sensitive to the diffusion of water molecules within a
certain diffusion time along different gradient directions g. There is significant
diffusion along WM tracts, while diffusion of water across the tracts is impeded
due to microstructural barriers. If water molecules can only diffuse by a short
distance in the direction of the gradient, the dMRI signal remains high; con-
versely, the further the water molecules travel along g (the gradient direction),
the larger the reduction in the observed diffusion signal [6}/7].

Our aim is to reconstruct the underlying theoretical artefact-free continuous
diffusion signal V' (x, g) from the acquired discrete data corrupted by motion and
intensity artefacts. For each spatial coordinate x, the diffusion signal is a function
on the sphere, parametrised by the direction of the diffusion gradient g, repre-
sented as a 3D unit vector, or alternatively using spherical coordinates (6, ¢).
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We model this spatially varying spherical signal using the spherical harmonics
(SH) representation

Vixg)=) > d'®Y"(g), (1)

=0 m=—1

where Y, (g) are orthonormal SH basis of degree 0 <[ < L and order |m| <

2+1(1—m)

V0.0 =\ 74 (1 +m)!

P™(cosf) e™?. (2)

These basis are eigenfunctions of the spherical Laplacian where the degree [
controls the angular frequency, while the order m specifies the azimuthal vari-
ation within that frequency band. To represent the diffusion signal we adopt
a real-valued SH basis where only even degrees are retained due to antipodal
symmetry. The spherical signal at each spatial location x is thus encoded by a
coefficient vector c(x) € RM with M = (L + 1)(L + 2)/2 [30L31].

We propose to define the spherical harmonic respresentation of the diffusion
signal on the spatially continuous domain (as opposed to an image grid) using
Implicit Neural Representations

c(x) = MLP(7(x)), (3)

where v is a multi-resolution hash grid encoding [22] designed to efficiently cap-
ture high-frequency anatomical details |19,/28,38|.

2.2 Slice Acquisition Model

High Angular Resolution Diffusion Imaging (HARDI) |6,7] samples the diffusion-
weighted signal across a discrete set of spatial locations and gradient directions.
The acquired data is organized into multiple stacks {K}. Each stack Ky, consists
of a sequence of 2D slices {Sy ;}, where the data is sampled on a regular grid
with voxel coordinates xy, j; in the scanner coordinate system. All slices within
a single stack share a common diffusion gradient direction gj. Because of the
unpredictable and rapid movement of the fetus during the scan |5}[8l[161/27] each
acquired slice Sy ; is associated with a unique rigid transformation

Tk,j (X/) = Rk,jx/ + th‘ (4)

that maps the anatomical coordinate x’ to the scanner coordinate x, where
Ry; € SO(3) and t;; € R?® denote the rotation and translation parame-
ters respectively. This transformation describes the position of the fetal head
in scanner space during the acquisition of the slice Sy ; through the relation-
ship x = T}, ;(x’). The diffusion gradient direction for each slice is also rotated
to g, = R,;}gk to maintain physical consistency with the fetal head orienta-
tion [5].
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Fig. 2: The architecture of the proposed framework.

The signal observed at a slice location xy, ; ; is therefore sampled from the the-
oretical 3D diffusion signal I}, J(x g J) through a pomt spread function (PSF)

P, ; centered on the anatomical position xk i = T, j (Xk,5,i ll! The PSF
P, ; accounts for the finite resolution of the imaging system, and is typically
approximated as a 3D Gaussian |16 . In the scanner space, this Gaussian is cen-
tered on the acquired voxel position x; ;; and has a diagonal covariance matrix
where variances on the diagonal reflect the resolution of the acquired slices. The
acquired signal Sy ; at voxel xj, ;; is obtained by convolving I,’c,j with Py ; and
adding acquisition noise € j; expressed in scanner space as follows:

Sk (%njii) = T (Tid (%k54), Ry 58k) # Prej (Xk54) + €k (5)

Assuming motion- and artefact-free continuous diffusion volume V(x’,g) in
a canonical anatomical space, the intermediate motion-free diffusion signal I ,’C j
can be modelled by first sampling the motion-corrected gradient-sensitised vol-
ume V(x',g; ;) from the SH representation (1} followed by multiplication with
slice-wise bias field By ;(x’), a slow-varying modulation of slice intensity due
to MRI acquisition artefacts, such as inhomogeneity of the magnetic fields and
interaction of magnetisation with fetal motion (so-called spin history effects):

Il/c,j(xl7g;c,j) = BkJ(Xl)V(X/’g;c,j)' (6)
The full forward acquisition model is obtained by combining equations [T} [f]
and
2.3 Model architecture

Instead of directly regressing the diffusion signal V(x’,g’), our primary vol-
ume network MLPy is designed to predict direction-independent SH coefficients
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(eqn. [3]) as a function of anatomical coordinate x’. Specifically, the hash-encoded
spatial features vy(x’) are fed into this network to yield a set of even-degree SH
coefficients ¢"(x’) alongside a spatial latent vector z(x’) € R?

¢(x'), z(x') = MLPy, (”y(x’)). (7)

Using these predicted spatial SH coefficients, the clean diffusion signal is re-
constructed for any given gradient (eqn. [1f). The predicted latent vector z(x’)
encodes the anatomical context and is subsequently concatenated with the learn-
able slice embedding vector ey ; . This combined vector is processed by an uncer-
tainty network MLPy to predict the slice-dependent spatially varying standard
deviation oy, ;(x’) of the diffusion signal. This predicted uncertainty quantifies
the localized noise level where higher values indicate a greater probability of
corruption by motion artifacts or sensor noise.

In parallel, a dedicated bias branch MLPp estimates the slice-dependent
multiplicative bias fields By ; from the lower-resolution hash encoding feature
components 7o, and the slice embedding ey, ;

By j(x') = MLPp (’Ylow(xl), ek,j)-

This specific architectural bottleneck restricts the high-frequency information
capacity and forces the network to learn the slice-dependent intensity variations
relying strictly on low-frequency spatial context which aligns with the established
physical nature of the MRI bias field.

Per-slice transformations 7}, ; are encoded by axis-angle representation with
six learnable parameters per transformation. Additionally, we learn per-slice un-
certainty vy ; to exclude corrupted and misaligned slices.

2.4 Loss functions

We formulate the reconstruction of the diffusion signal as an inverse problem,
where the goal is to recover a continuous volumetric representation V(x’,g’),
so that slices Sy ; simulated using the forward acquisition model (eqn. @
are consistent with the observed measurements S'k] The primary data fidelity
term Lp is therefore formulated as the negative log-likelihood of a Gaussian
distribution, which utilises the predicted uncertainty oy ;j(x’) + v ; to down-
weight the reconstruction penalty for outlier pixels and slices heavily corrupted
by motion artifacts or sensor noise

(gk,j,i — Sk.j (Xk,j,i)) i

203 (X} 5.0)

/:D:%Z

+ log(ok,j (X} ;.4) T vkg) |+ (8)

where N is the number of acquired voxels. In addition to uncertainty, this loss
allows for joint optimisation of the SH coefficients c, transformations 7} ; and
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bias fields B; 1, as the simulated slices S, ; depend on all of these learnable vari-
ables. To further suppress magnification of the background noise while solving
the inverse problem, we also incorporate a total variation spatial regularisation
loss Lg [38] on the diffusion signal V. Comprehensive mathematical definitions
and implementation details of L are provided in the supplementary material.

Using this approach we reconstruct the volumetric diffusion signal, while
also jointly correcting for degradation during data acquisitions. Specifically, we
correct fetal motion by aligning acquired slices to the anatomical space using
transformation 7} ;j, compensate for blurring due to limited and potentially
anisotropic resolution of acquired data by incorporating PSE Py ;, correct MR
acquisition artefacts through estimation of bias fields By, ;; and perform outlier
rejection through slice- and voxel-wise uncertainty estimation.

2.5 Through-Plane Continuity Regularization

Unlike structural fetal MRI which routinely acquires multiple orthogonal stacks
of the same contrast to constrain the reconstruction of 3D volume, diffusion MRI
requires acquisition of multiple stacks to sample numerous gradient directions.
Consequently, data is typically acquired along a single slice orientation. This
makes correction of intensity artefacts (i.e. estimation of bias fields By ;) highly
ill-posed, resulting in stripe artefacts in the reconstructed volume (see Fig. [6] (a)
and (b)).

To mitigate the stripe artifacts, we introduce a novel Through-Plane Conti-
nuity (TPC) regularization term L to penalize unnatural signal variations along
the through-plane direction, since abrupt high-frequency changes along this spe-
cific axis are predominantly caused by acquisition artifacts rather than genuine
anatomy. For each acquired voxel xj, ;; with stack-specific unit through-plane di-
rection ng, we calculate the through-plane gradient magnitude of corresponding
diffusion weighted volume V' (x’, g;, ;) at transformed location x}, , , = T,;]l (XK j,i)

in the transformed through-plane direction ny ; = R;;(nk) as

o V) V)

— 9
A 1621 (9)

8.EN;

where N, is a 1D through-plane neighborhood obtained by randomly sampling
offsets 6, = uny ;, where u is a continuous scalar drawn from a uniform distri-
bution U (—s, s) bounded by the physical slice thickness s.

To ensure we do not over-smooth genuine sharp diffusion signals, we also
compute an average spatial gradient magnitude over all directions G as

! [V (<t 8 1) =V (0 )|

Gal = 7
"7 [Nesr| 18]

(10)

8ENpsk

where ANpgr is set of offsets obtained by sampling the PSF centered around
the observed voxel. An artifact is identified when the through-plane variation is
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disproportionately large compared to the local 3D spatial context. We quantify
this anomaly using a ratio defined as

Gan + €
Ryji=—g (11)
where € is a small constant ensuring numerical stability. A high ratio indicates
an abrupt intensity change primarily along the acquisition axis which is char-
acteristic of a stripe artifact rather than true signal. Thus, the Through-Plane
Continuity regularization loss is formulated as

1
L = ~ %ReLU(log(Rm) —7), (12)

where NN is the number of acquired voxels and 7 is a margin threshold that
determines the onset of penalization. This formulation smoothly discourages ex-
cessively high through-plane gradients relative to the local context and effectively
suppresses stripe artifacts while preserving high-fidelity anatomical details.

3 Experiments

3.1 Datasets

Fetal Brain dMRI Dataset We conduct experiments on a fetal brain dif-
fusion MRI dataset of nine healthy subjects, acquired on a 3T Philips Achieva
scanner under two protocols with different spatial resolution and angular sam-
pling. Three subjects were scanned using a standard clinical protocol with 32
diffusion-weighted volumes (b = 750s/mm?), with an anisotropic resolution of
2 x 2 x 3.5mm? and 1.75 mm slice overlap. Six subjects were scanned as a part
of the developing Human Connectome Project (dHCP) [11|3}/10}/11}/32]. We uti-
lize the spin-echo volumes and the highest shell (b = 1000s/mm?), yielding 80

diffusion directions with isotropic 2 x 2 x 2mm? resolution.

Simulated Neonatal Brain dMRI Dataset Neonatal dMRI data were ob-
tained from dHCP dataset. We selected 20 subjects with high-quality recon-
structions |2], covering a post-menstrual age range of 26-44 weeks. For quanti-
tative benchmarking with known ground truth, we used the fully reconstructed
b = 1000 s/mm? shell at 1.5 x 1.5 x 1.5 mm? as reference and simulated fetal-
like acquisitions by downsampling it to 2 x 2 x 2 mm?, and applying inter-slice
rigid motion with translations sampled from #/(—3,3) mm and rotations from
U(—6,6)°, together with simulated bias field, Rician noise, and motion-induced
signal void artifacts.

Simulated Neonatal Brain dMRI Template Dataset To provide a cleaner
ground truth for controlled benchmarking, we additionally perform simulation
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IRTK Proposed

Fig. 3: Qualitative reconstruction results on fetal dataset. Left: motion corrupted input
data. Middle: IRTK reconstruction shows residual striping artefacts (see red arrows).
Right: Proposed method shows cleaner structure with no striping artefacts.

on a neonatal diffusion template constructed from dHCP data over 33—44 weeks
PMA [25]. We use the template’s b = 1000 s/mm? component as the reference
signal, which is available at 1 x 1 x 1 mm? isotropic resolution. To match the
fetal-like setting, we apply the same corruption pipeline as in the subject-based
simulation, which includes downsampling the template to 2 x 2 x 2 mm?, inter-
slice rigid motion, a simulated bias field, Rician noise, and motion-induced signal
void artifacts.

3.2 Implementation Details

We compare our proposed method against IRTKE] [5], a classical iterative (non-
deep-learning) approach for fetal diffusion MRI reconstruction. IRTK is executed
on an Intel Xeon E5-2634 v3 CPU with multi-threaded acceleration (24 threads).
Our framework is implemented in PyTorch [24], leveraging custom CUDA kernels
via the tiny-cuda-nn library |22,23] to accelerate implicit neural representation
learning. All neural network experiments are conducted on an NVIDIA Tesla
V100 GPU with 32GB of memory. The model is trained for 6000 iterations by
minimizing the total loss £L = Lp + L + 0.5 L1, where the threshold parameter
7 used in Lr is set to 80.

3.3 Comparative Evaluation and Results

We compare our method with IRTK on three datasets using both quantita-
tive and qualitative evaluation. Reconstruction quality is measured using peak

3 https://github.com/mariadeprez/irtk-simple
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Input IRTK Proposed

Sagittal

Coronal

Axial

Fig. 4: Whole brain tractography of the fetus at 26 weeks GA. Left: motion corrupted
input data result is tractography severly corrupted by motion artefacts. Middle: IRTK
reconstruction shows less clear features and residual striping artefacts. Right: Proposed
method shows cleaner structure with no striping artefacts.

signal-to-noise ratio (PSNR), structural similarity index measure (SSIM), nor-
malized root mean square error (NRMSE), and normalized cross-correlation
(NCC), which quantify signal fidelity, structural similarity, normalized error,
and intensity correlation.

Results on Fetal Data Since in-vivo fetal datasets lack a 3D ground truth,
we adopt a self-consistency evaluation protocol to assess reconstruction
performance. For each subject, five stacks with minimal corruption are held
out as a validation set, while the remaining stacks are used for reconstruction.
Because the reconstructed volume and the held-out stacks still exhibit discrepan-
cies caused by motion and bias field effects, both methods must estimate these
acquisition-specific nuisance factors before quantitative comparison. First, the
diffusion volume V' (x, g) is reconstructed using training stacks (27 or 75). Next,
the latent volume V' (x,g) is fixed, the five held-out stacks are introduced, and
their motion and bias field parameters are estimated. Using the frozen V (x,g)
and the estimated nuisance variables, the held-out stacks are simulated using the
forward model (eqn. [1J56]) and compared with the corresponding acquisitions to
evaluate reconstruction fidelity.



Implicit Fetal dMRI Reconstruction 11

Table 1: Performance comparison with IRTK on three datasets. We show mean and
standard deviation. The best performace is highlighted in bold.

Method [PSNR + SSIM 1 NRMSE | NCC1 Run Time |

Fetal Data
IRTK 23.34 0.7516 0.1828 0.8085 8.77
(£0.98) (£0.1263) (40.0274) (+0.0350)  (£4.93)
Proposed 23.54 0.9014 0.1788 0.8194 5.52
p (£1.23) (£0.0246) (+0.0284) (+0.0374) (£0.16)
Simulated Neonatal Data
IRTK 23.99 0.9639 0.1520 0.7654 47.80
(£0.78) (£0.1000) (40.0133) (+0.0540) (£3.74)
Proposed 25.20 0.9828 0.1325 0.8412 6.75
p (£0.72) (£0.0055) (+£0.0105) (+£0.0312) (£0.11)
Simulated Neonatal Template Data

IRTK 24.74 0.9554 0.1393 0.9469 102.15
(£1.24) (£0.0048) (40.0055) (+0.0039) (+2.86)

Proposed 24.88 0.9688 0.1379 0.9504 6.03
p (£0.90) (£0.0040) (+£0.0115) (+£0.0090) (£0.09)

Table [I|summarizes the quantitative comparative results for the fetal dataset
where our proposed method consistently outperforms IRTK across all evalu-
ated metrics. Specifically, the proposed framework yields improvements across
all metrics by achieving gains of 0.86%, 19.21%, and 1.34% in PSNR, SSIM, and
NCC respectively while simultaneously reducing the NRMSE by 2.18%. The im-
provement in SSIM indicates better preservation of structural detail and sharper
anatomical boundaries. Beyond reconstruction quality, our approach demon-
strates superior computational efficiency and reduces the average reconstruction
time by 37.05% per subject. The qualitative results presented in Fig. [3| com-
pare the diffusion-weighted MRI signals V(x,g) synthesized from a randomly
sampled diffusion gradient vector g and the reconstructed spherical harmonic
volumes. These visualizations demonstrate that compared to IRTK, our method
preserves more intricate anatomical structures while removing striping artefacts.
Additionally, we present the effect of the reconstructed diffusion signal quality
on downstream tasks by performing constrained spherical deconvolution [30L31]
followed by probabilistic tractography performed in MRTrixEl, see Fig. |4} We see
that motion artefacts propagate into tractography. Both IRTK and our proposed
method provide more consistent anatomically plausible white matter tracts, with
the proposed methods showing cleaner and sharper features.

* https://www.mrtrix.org/
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Proposed

Neonatal

Template

Fig. 5: Qualitative reconstruction results on two simulated neonatal datasets. Red
arrows point to cortical folding

Results on Simulated Neonatal Data Simulated neonatal datasets were
generated from clean ground truth neonatal datasets corrupted with fetal like
motion and bias artefacts. The performance metrics were calculated by compar-
ing the reconstructed and the ground truth volumes V(x,g) projected on the
original gradient sampling scheme.

As reported in Table [I] our proposed method demonstrates superior per-
formance on the neonatal dataset by achieving improvements of 5.04%, 1.96%,
and 9.90% in PSNR, SSIM, and NCC respectively while yielding a 12.8% re-
duction in NRMSE. In addition, the proposed approach reduces computational
cost, decreasing the average processing time by 85.87% relative to IRTK. All
improvements were statistically significant.

Qualitative comparison of proposed and IRTK reconstructions is shown in
Fig. [5| (top row) together with motion-corrupted stacks and reference volumes.
The proposed method produces clearer anatomical structures without striping
artefacts, whereas IRTK loses fine cortical folding patterns and exhibits stripe
artifacts.

Results on Simulated Neonatal Template Data As an average across
multiple subjects, the neonatal templates provide more stable image quality
and serves as a cleaner reference for validation. Similarly to neonatal dataset,
the performance metrics are calculated by comparison of reconstructed diffusion
volumes to the ground truth templates at isotropic 1.0mm resolution.

The quantitative results presented in Table [l demonstrate that our proposed
method consistently outperforms IRTK across all metrics by achieving gains of
0.56%, 1.4%, and 0.36% in PSNR, SSIM, and NCC respectively while simulta-
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Table 2: Quantitative ablation study on Spherical Harmonics (SH) order using fetal
dMRI dataset. SH order 2 and 4 produces best results, with nearly identical perfor-
mance with no statistically significant difference.

‘ Fetal Data
SH Order [PSNR 1 SSIM 1t NRMSE | NCC 1

) 23.59 09013 0.1779  0.8205
(£1.03) (£0.0291) (+0.0287) (+0.0319)
A 2354 09014 0.1788  0.8194
(+1.23) (+0.0246) (+0.0284) (+0.0374)
6 23.14  0.8926  0.1871  0.7989
(£1.27) (40.0277) (£0.0290) (£0.0454)
g 2241 08776 0.2045  0.7572
(£1.94) (£0.0359) (£0.0421) (£0.0900)

Fig. 6: Qualitative ablation study of the proposed artifact mitigation modules. (a)
Without bias field network or TPC regularization. (b) Bias field network only. (c)
TPC regularization only. (d) Both components. We can observe that our novel TPC
regularisation is both essential and effective at removing the through-plane stripe arte-
facts.

neously reducing the NRMSE by 1.00%. Runtime is also reduced fifteen-fold,
indicating higher scalability.

Qualitative comparisons in Fig. [5| (bottom row) shows that while both meth-
ods recover the major anatomical structures, IRTK exhibits noticeable stripe
artifacts. The proposed method produces more uniform intensity and better
preserves anatomical structures, resulting in improved reconstruction quality.

3.4 Ablation Study

Ablation experiments are conducted on the fetal dataset to evaluate the contri-
bution of each component of the proposed framework.

Effect of Spherical Harmonic Order. We examine the influence of the spher-
ical harmonic (SH) order L using L € {2,4,6,8}. As shown in Table[2] low-order
models provide better performance, with L = 2 and L = 4 achieving nearly
identical results across all metrics, with no statistically significant difference.
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Table 3: Quantitative ablation study of the two artifact mitigation modules.

Compoments Fetal Data

Bias Field TPC ‘PSNR T SSIM1+ NRMSE| NCC*1

X X 22.77  0.8898  0.1954  0.7841
(£1.31) (40.0293) (£0.0297) (£0.0466)
y X 23.25  0.8964  0.1848  0.8071
(£1.24) (£0.0273) (£0.0286) (£0.0410)
X Y 23.07  0.8949  0.1889  0.7972
(£1.29) (£0.0263) (£0.0301) (£0.0434)
y y 2354 09014 0.1788  0.8194
(£1.23) (£0.0246) (+0.0284) (+0.0374)

Increasing the order to L = 6 and L = 8 degrades reconstruction consistency,
reflecting overfitting to the noise and artefacts in fetal diffusion MRI, rather
than fitting meaningful anatomical patterns. In practice we select 4th order SH
because of its ability to encode fibre crossing.

Effect of Artifact-Handling Modules. We further analyze the roles of the
bias-field network (Sec. and the proposed TPC regularization (Sec. . Vi-
sual results in Fig. [6] show that removing both components leads to pronounced
stripe artifacts and intensity inconsistency. Adding only the bias-field network
reduces but does not remove striping artefacts. Using TPC regularization alone
substantially suppresses through-plane stripe artifacts. The best visual quality
and structural consistency are obtained when both components are enabled.
These results highlight that our novel TPC regularisation is essential for cor-
recting the through-plane stripe artefacts.

Quantitative results in Table [3] support these observations. Each module in-
dividually improves performance across all metrics, and their combination pro-
vides the largest gains. These findings indicate that modeling bias fields and
enforcing through-plane consistency are both important for robust fetal dAMRI
reconstruction under severe motion.

4 Conclusion

In this paper, we present an implicit neural representation framework for spa-
tially and angularly continuous reconstruction of fetal diffusion MRI. To handle
severe motion and acquisition artifacts in in-vivo scans, we formulate a physics-
based slice acquisition model that directly links the clean SH-based volume with
the acquired motion-corrupted slices. The proposed framework jointly estimates
the high-resolution diffusion volume, slice-dependent bias fields, and predictive
uncertainty using three neural networks, while jointly optimizing rigid motion
parameters with dynamic reorientation of the diffusion gradients. To further ad-
dress the single acquisition direction used in fetal diffusion MRI, we introduce a
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novel Through-Plane Continuity regularization that suppresses stripe artifacts
by enforcing smoothness across the acquisition plane direction. Experiments on
one real fetal dataset and two simulated neonatal datasets demonstrate that
the proposed method consistently outperforms existing baselines in reconstruc-
tion fidelity and artifact suppression, while preserving fine anatomical structures
relevant for downstream tractography and microstructural analysis.

It is worth noting that our framework acts as a natural extension of ex-
isting INR-based slice-to-volume reconstruction for structural MRI. By adapt-
ing our forward modeling strategy, we expect to extend our approach to recent
paradigms like physics-informed networks [36] and 3D Gaussian splatting [4].
Future work will aim to rigorously evaluate the performance of these methods,
and to find novel ways to boost both the fidelity and efficiency of dMRI recon-
struction.
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