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Abstract. Reconstructing 3D fetal brain MRI volume from 2D slices is
crucial for prenatal assessment but challenged by unpredictable fetal mo-
tion and large inter-slice gap. While 3D Gaussian Splatting (3DGS) has
recently enabled rapid slice-to-volume reconstruction (SVR), the opti-
mization of independent Gaussian primitives lacks explicit geometric con-
straints. This unconstrained flexibility often leads to structural distortion
and artifacts, limiting reconstruction fidelity. We propose G3R, Gaussian-
based Geometry-Guided Reconstruction, a geometry-guided Gaussian re-
construction framework that introduces a straightforward yet effective
structural prior to stabilize Gaussian optimization. Specifically, we de-
velop the Density-Gated Prior Network (DGPN) to yield a prior volume
from physics-derived density map. This prior volume is then incorporated
in a two-stage Gaussian reconstruction process: (1) prior-based primitive
initialization to establish stable geometry, and (2) slice-driven refinement
with an annealed distillation constraint to preserve structural consistency
while recovering fine details. We demonstrate that our approach matches
the reconstruction speed of existing Gaussian frameworks while deliver-
ing state-of-the-art quality with 24.56 dB PSNR in simulated dataset,
specifically achieving up to +1.87 dB PSNR in a single-stack stress test.
These promising results highlights the significant potential of application
into clinical routine of real-time fetal 3D MRI.
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1 Introduction

Non-invasive fetal and pediatric brain magnetic resonance imaging (MRI) is cru-
cial for prenatal diagnosis and neuro developmental assessment [21, 2]. Moreover,
an isotropic high resolution volume MRI is increasingly critical for assessing cor-
tical development and diagnosing congenital neurological disorders [7, 18]. Unlike
conventional brain imaging, fetal scans are affected by unpredictable inter-slice
motion, thick-slice acquisition with inter-slice gaps, and limited orientation cov-
erage. Hence, fetal brain MRI reconstruction aims to recover high-resolution 3D
volumetric structures from motion-corrupted 2D slices.
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Classical slice-to-volume reconstruction (SVR) methods rely on iterative slice
registration [20], evolving with many variants [10, 6, 14, 4]. Recently, Xu et al. [26]
incorporated attention mechanisms to capture long-range slice correlations, while
Wu et al. [24] adopted Mamba-based sequence modeling to precisely model spa-
tial dependencies. Although progressively enhanced with robust estimators and
patch-based strategies, these approaches remain sensitive to motion complexity
and noise. In parallel, Implicit Neural Representations (INRs) [25] have emerged
as an efficient reconstruction tool to reduce memory usage and enable arbitrary
resolution reconstruction. INRs model the volume as a continuous function and
utilize Point Spread Function (PSF) [19, 5, 11] to simulate the slice acquisition
process. However, PSF within INRs requires expensive stochastic Monte Carlo
sampling [25, 17], resulting in prohibitive inference latency.

3D Gaussian Splatting (3DGS) is an advanced rasterization technique that
demonstrates significant utility in generating photorealistic scenes [12] and med-
ical imaging [16]. Recently, GSVR [3] attempts to address inference fetal MRI
reconstruction latency from the perspective of 3DGS. It eliminates the need
for expensive stochastic Monte Carlo sampling by explicitly modeling the high-
resolution volume as a sparse cloud of anisotropic Gaussian primitives, unlock a
remarkable reconstruction speed. However, as analyzed by Bao et al. [1], 3DGS
inherently suffers from structural instability in under-determined scenarios. This
limitation is particularly prominent in clinical fetal MRI, where thick slices and
motion render the reconstruction highly ill-posed. Without explicit regulariza-
tion, optimizing massive weakly coupled Gaussian primitives leads to severe
overfitting. Instead of forming a coherent 3D structure, the primitives merely
minimize 2D projection errors by flattening or stretching, ultimately causing se-
vere structural distortion. To alleviate this instability, introducing an additional
prior serves as a straightforward and effective method to guide the optimiza-
tion process [1]. While conventional prior-injection methods rely on generative
models (e.g., Diffusion Models [13, 22, 15]), their prohibitive computational costs
neutralize 3DGS’s rapid inference advantage.

To provide robust prior guidance without sacrificing efficiency, we propose
G3R: Gaussian-based Geometry-Guided Reconstruction. Unlike costly models
above, G3R uses a fast, pre-trained Density-Gated Prior Network (DGPN) to
provide robust structural guidance with minimal computational overhead. We
introduce a Density-Gated Refinement (DGR) module within DGPN. DGR con-
structs a physical density map by accumulating the PSF of the input slices. This
density map quantifies observation confidence and distinguishes well-scanned re-
gions from acquisition voids. Further, according to this map, a refiner explicitly
inpaints missing anatomical structures, producing a structurally continuous and
robust geometric prior even in extreme clinical scenarios (e.g., single-stack).

To effectively assimilate this prior, G3R employs a tailored two-stage Gaus-
sian reconstruction strategy. The Gaussian primitives are first initialized via
a rapid volume-fitting to the geometric prior, establishing a reliable structural
foundation. During the subsequent slice-fitting optimization against the observed
2D slices, this prior acts as a continuous constraint on the global structure. As
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a result, G3R effectively addresses the structural instability of unconstrained
3DGS and yields significant improvements in recovering coherent 3D anatomy,
demonstrating superior robustness especially when clinical observations are lim-
ited or insufficient. Our main contributions are as follows:

1. We propose G3R, a novel framework that explicitly enforces continuous ge-
ometric constraints to elevate the reconstruction fidelity of 3DGS-based SVR. By
integrating a fast Density-Gated Prior Network (DGPN) into a two-stage Gaus-
sian process, our approach ensures structural coherence and superior anatomical
detail recovery across varying acquisition conditions.

2. We introduce a novel Density-Gated Refinement (DGR) mechanism within
the DGPN. Guided by physical density maps, DGR effectively inpaints missing
anatomical structures to ensure a continuous and reliable volume prior, even
from highly sparse inputs.

3. Experiments confirm G3R’s superiority in robustness-critical regimes. It
effectively prevents structural distortion while maintaining fast inference speeds.

2 Methodology

2.1 Preliminary

Mathematically, reconstructing the volume V from K motion-corrupted slices
Y = {yk}Kk=1 is an inverse problem defined by:

V ∗ = argmin
V

M(Y,A(V )) + λR(V ), (1)

where A models the forward acquisition physics [6], M is the metric that mea-
sures the similarities and R(V ) represents a regularization term. Physically,
A(V ) models the observed intensity ŷk(u) by integrating the continuous vol-
ume V over a slice defined by the PSF, while accounting for motion:

ŷk(u) =

∫
R3

V (x) · PSF(x− Tk(u)) dx, (2)

where Tk(u) = Rku + tk denotes a rigid transformation with motion rotation
Rk and translation tk. This continuous formulation is typically approximated
via Monte Carlo sampling, leading to high computational cost.

To circumvent this limitation, following [3], we parameterize the volume V as
a continuous mixture of N 3D Gaussian primitives Θ = {µj , Σj , cj}Nj=1, where
µj ∈ R3 denotes the spatial mean position, cj ∈ R represents the intensity
coefficient, and covariance Σj ∈ R3×3 is factorized into rotation Rj and scaling
Sj matrices (Σj = RjSjS

T
j R

T
j ):

V (x) =

N∑
j=1

cj · exp
(
−1

2
(x− µj)

TΣ−1
j (x− µj)

)
(3)

Crucially, by modeling the PSF as an anisotropic Gaussian kernel ΣPSF, we
leverage the property that Gaussians are closed under convolution. This explicit
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Fig. 1. Overview of the G3R framework. (a) Density-Gated Prior Network (DGPN):
Estimates slice poses from motion-corrupted slices and synthesizes a robust geometric
prior V̂prior using Density-Gated Refinement (DGR) to fill acquisition voids. (b) Two-
Stage Gaussian Reconstruction: Gaussian primitives are initialized by volume-fitting
to V̂prior. During subsequent slice-fitting process via exact covariance addition (Σj +
ΣPSF), primitives are refined against observed slices under the guidance of V̂prior.

formulation transforms the intractable integral in Eq. (2) into a closed-form
analytical solution, reducing the slice acquisition process to an exact covariance
addition. For a primitive j observed in slice k, its effective observed covariance
Σobs

j,k becomes:
Σobs

j,k = Σj +RkΣPSFR
T
k (4)

The final intensity ŷk(u) can be directly and rapidly evaluated at the motion-
corrected coordinate x = Tk(u):

ŷk(u) =
∑

j∈N (u)

cj exp

(
−1

2
(Tk(u)− µj)

T (Σobs
j,k )

−1(Tk(u)− µj)

)
, (5)

where N (u) denotes the primitives contributing to the queried coordinate.

2.2 Overview of G3R

For the first time, we present a framework that leverages a Density-Gated Prior
Network (DGPN) to explicitly guide volumetric Gaussian optimization. As il-
lustrated in Fig. 1, G3R operates in two synergistic stages:

1. Density-Gated Prior Network (Sec. 2.3): From the motion-corrupted
slices, the pre-trained Density-Gated Prior Network (DGPN) employs Density-
Gated Refinement (DGR) to explicitly inpaint acquisition voids. This synthesizes
a robust, structurally continuous geometry prior, V̂prior.

2. Two-Stage Gaussian Reconstruction (Sec. 2.4): The Gaussian prim-
itives Θ are first initialized by volume-fitting to V̂prior. During the subsequent
slice-fitting optimization, this prior constrains the global geometry, enabling the
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Fig. 2. Architecture of the DGPN. Registered slices yield a coarse volume Vcoarse and
a physical density map Mρ via PSF accumulation. DGR module derives confidence
c(x) from Mρ to generate a gating map G(c(x)). This gate modulates the network to
preserve dense regions while inpainting voids, yielding the robust prior V̂prior.

primitives to accurately recover high-frequency features from the observed slices
without structural distortion.

2.3 Density-Gated Prior Network (DGPN)

To robustly initialize Gaussian primitives, we propose DGPN. Unlike standard
learning-based SVR methods [8, 26] where volume reconstruction relies on op-
timization based solvers (e.g., Conjugate Gradient) that struggle with motion
artifacts in low-quality data regimes, we introduce Density-Gated Refinement
(DGR) (Fig. 2). By leveraging MRI acquisition physics, DGR explicitly inpaints
voids to generate a structurally continuous, robust prior V̂prior.

In the context of SVR problem [11], Eq. (2) shows that the observational
support at any 3D voxel x is determined by the cumulative PSF contributions
from all acquired 2D pixels. From this perspective, the observational support at
location x can be explicitly extracted as a Physical Density Map Mρ(x):

Mρ(x) =

K∑
k=1

∫
Ωk

PSF (x− Tk(u)) du, (6)

where Mρ(x) represents the spatial coverage of the forward operator and natu-
rally approaching zero in acquisition voids [11, 14].

Given a coarse volume Vcoarse derived from registered slices, we synthesize
the anchor V̂prior by modulating a residual refinement network Fϕ with a density-
dependent gating function G(·). We define the observation confidence as c(x) =
1 − exp(−Mρ(x)). As shown in Fig. 2, the gating function blends the network
prediction based on this confidence:

V̂prior(x) = Vcoarse(x) + G(c(x)) · Fϕ(Vcoarse,Mρ), (7)

where G(c(x)) = α ·c(x)+β · (1−c(x)). We set α = 0.05 to preserve high-fidelity
features in dense regions (c → 1), and β = 1.0 to fully utilize the neural prior in
acquisition voids (c → 0). The entire prior learning network is pre-trained in a
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supervised manner on a synthetic dataset [26] generated from high-quality fetal
brain atlases. This pre-training minimizes the reconstruction L1 loss against
ground-truth volumes, enabling the network to generalize across subjects and
provide a reliable initialization before Gaussian reconstruction.

2.4 Two-Stage Gaussian Reconstruction

As illustrated in Fig. 1(b), our framework proceeds in two stages to ensure
structural stability and high-frequency features recovery.

Prior-Fitting. We first initialize the Gaussian primitives Θ from V̂prior by
minimizing the volumetric difference within the foreground region Ωfg:

Lvol =
1

|Ωfg|
∑

x∈Ωfg

∥V (x)− V̂prior(x)∥22 + λscaleLscale, (8)

where Lscale =
∑

j ∥sj−stgt∥22 regularizes the covariance scaling factors sj (where
Sj = diag(sj)) towards a target mean stgt to prevent overfitting to noise.

Slice-Fitting. Subsequently, we refine these primitives against the observed
2D slices to recover high-frequency features. The loss is defined as:

Lslice =
∑
k

∥ŷk − yk∥1 + λscaleLscale + ω(i) · Ldistill, (9)

where Ldistill = ∥V − V̂prior∥1 anchors the global geometry, and Lscale stays the
same as Eq. (8). To smoothly shift the optimization focus from robust global
structural constraint to fine detail recovery, the guidance weight ω(i) follows a
linear annealing schedule, decaying from an initial strong penalty ωstart to a
minimal bound ωend between iterations τ1 and τ2.

3 Experiments and Results

For quantitative comparison of the reconstructed images, we measure some met-
rics such as the peak-signal-to-noise ratio (PSNR), structural similarity index
measure (SSIM) [23], Normalized Cross-Correlation (NCC), root mean square
error (RMSE), Learned Perceptual Image Patch Similarity (LPIPS) [28].

Datasets and baselines. We performed extensive experiments to evaluate the
proposed model in two datasets. 1) Simulated Data: Motion-corrupted stacks
were synthesized from high-quality CRL [7] and Feta 2.2 [18] atlases (GA: 21-
38w) with rigid motion and slice-wise intensity inhomogeneities [9]. Each subject
contains three orthogonal stacks (0.8 × 0.8 × 2.2mm3). 2) Clinical Data: Real-
world performance was assessed on 90 fetal subjects (GA: 28-37w) acquired on
a 3T Philips Ingenia scanner (T2-weighted SSh-TSE, 0.71 × 0.71 × 3.0mm3,
TR/TE=15000/183ms). We compared G3R against three representative meth-
ods: SVoRT [26], NeSVoR [25], and GSVR [3]. All experiments were conducted
on a single NVIDIA RTX 4090 GPU (24GB) to ensure a fair comparison.
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Fig. 3. The reconstruction results of two typical cases in the simulated data (left) and
private clinical data (right).

Table 1. Quantitative results on the simulated dataset (mean±std).(bold:best)

Method Time (s)↓ PSNR(dB)↑ SSIM↑ NCC↑ RMSE↓ LPIPS↓

SVoRT ∼2 22.47 ± 2.86 0.814 ± 0.069 0.944 ± 0.011 0.079 ± 0.023 0.112 ± 0.034
NeSVoR ∼175 24.30 ± 2.83 0.902 ± 0.037 0.960 ± 0.007 0.064 ± 0.019 0.099 ± 0.017
GSVR ∼85 24.40 ± 2.93 0.898 ± 0.036 0.959 ± 0.008 0.063 ± 0.019 0.085 ± 0.013

G3R ∼90 24.56 ± 2.87 0.905 ± 0.033 0.960 ± 0.008 0.062 ± 0.018 0.085 ± 0.012

Comparison on simulated dataset. Table 1 and Fig. 3 highlight the superior
structural fidelity of our framework. While SVoRT tends to over-smooth, implicit
(NeSVoR) and explicit (GSVR) baselines suffer from high-frequency artifacts
and noise. In contrast, G3R ensures coherent anatomy, achieving the best quan-
titative balance (PSNR 24.56 dB, LPIPS 0.085). Crucially, by distilling the
robustness prior, G3R effectively regularizes the optimization, eliminating the
geometric instability inherent in unconstrained Gaussians. Efficiency-wise, G3R
retains the rapid inference of 3DGS (∼90s), significantly outpacing NeSVoR.

Robustness in Extreme Clinical Scenarios. To validate the effectiveness of
our geometric guidance, we focus on performance in challenging clinical scenar-
ios. Specifically, we utilize single-stack reconstruction as an extreme stress test to
evaluate robustness. While specialized single-stack methods such as FC-SVR [27]
rely on a pre-trained interpolation network, our framework ensures structural
reliability through the observation-guided prior. As shown in Fig.4, while un-
constrained baselines suffer severe geometric collapse in single-stack scenarios,
G3R maintains high stability, outperforming GSVR by a substantial margin of
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Fig. 4. Robustness analysis extreme clinical scenarios. (A) PSNR drop-off as input
stacks decrease from 3 to 1. (B) Visual comparison in the extreme single-stack stress
test. Unconstrained GSVR suffers from severe structural distortion due to the lack of
orthogonal views, whereas G3R preserves coherent 3D anatomy.

Table 2. Ablation on the DGPN prior. DGPN w/o Mρ: DGR without density gating.
Metrics are evaluated on the prior volume (V̂prior) before 3DGS optimization.

Setting Configuration PSNR(dB)↑ SSIM↑ LPIPS↓

Single-Stack DGPN w/o Mρ 22.09 ± 1.11 0.242 ± 0.068 0.088 ± 0.019

Full DGPN (V̂prior) 22.11 ± 2.19 0.781 ± 0.053 0.080 ± 0.019

Triple-Stack DGPN w/o Mρ 23.39 ± 2.02 0.367 ± 0.082 0.079 ± 0.024

Full DGPN (V̂prior) 22.75 ± 2.28 0.826 ± 0.062 0.070 ± 0.018

1.87 dB (22.64 vs. 20.77 dB). This confirms that our method prevents structural
distortion, ensuring reliability even in the most challenging scenarios (Fig.4B).

Ablation Studies. Table 2 demonstrates the critical role of the density map
(Mρ). Removing it causes the DGPN to default to over-smoothed "mean regres-
sion," minimizing MSE but catastrophically reducing SSIM (0.367 vs. 0.826).
By explicitly distinguishing valid anatomy from voids, our DGR preserves high-
frequency cortical details. Moreover, PSNR increases from 22.75 dB to 24.56 dB
after 3DGS optimization, confirming its contribution beyond the DGPN prior.
Regarding the "Guidance" mechanism (dashed line in Fig. 1), removing the dis-
tillation constraint (Ldistill) leads to a 1.16 dB drop in single-stack scenarios
(Fig. 4A), as the Gaussians degenerate into overfitting slice thickness without
structural anchoring. Notably, as the number of input stacks increases, this per-
formance gap narrows, indicating that the reconstruction naturally shifts from
relying on the prior to extracting fine details directly from the abundant slice
observations.
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4 Conclusion

In this work, we introduced G3R to enhance the fidelity and structural consis-
tency of 3DGS-based fetal brain MRI reconstruction. By synergizing a geometry-
guided prior with explicit Gaussian representation, our approach transforms
the optimization into a structurally regularized process. This yields superior
reconstruction quality with preserved high-frequency details, demonstrating re-
markable robustness and efficiency. G3R highlights the potential of integrating
physically grounded priors into fast reconstruction frameworks to achieve reliable
clinical imaging, paving the way for future uncertainty-aware safety mechanisms.
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