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Abstract. We present a novel formulation of 3D Gaussian Splatting for
volumetric data that departs from the conventional paradigm of multi-
view image supervision. Instead of optimizing against rendered RGB im-
ages, our approach directly operates in voxel space using target volumes
and region-of-interest constraints, enabling a volume-native optimization
process. To this end, we introduce a differentiable splat-to-volume raster-
ization that projects anisotropic Gaussians into a voxel grid and allows
direct optimization of spatial and radiometric parameters.

Each Gaussian explicitly encodes a physical intensity value, such as
Hounsfield units in computed tomography, enabling a volume-rendering-
like representation with post hoc transfer function control and flexible
visualization without retraining.

Our volume-informed initialization and tailored optimization enable fast
convergence within minutes (e.g., 20-50 minutes in our setup), achieving
accurate reconstructions (PSNR & 23-33) that are visually comparable
to classical volume rendering, while reaching substantially higher frame
rates—making the method particularly suitable for resource-constrained
environments such as mixed reality devices.

Overall, our work reframes Gaussian Splatting as a direct volumetric op-
timization problem, opening new directions for efficient and controllable
visualization of medical data.

The implementation is available at https: //github.com /valentinkraft /vgs.
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1 Introduction

Recent advances in medical image analysis have led to highly accurate and in-
creasingly automated segmentation of anatomical structures, driven by methods
such as TotalSegmentator [21] and foundation models like SAM [2]. While these
developments enable rich semantic understanding of volumetric data, efficient
and high-quality visualization of such data—particularly in immersive environ-
ments—remains a significant challenge.
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Volume rendering is the de facto standard for visualizing medical data, pre-
serving full volumetric information and enabling flexible exploration via trans-
fer functions. However, high visual fidelity demands substantial computational
resources, limiting applicability on resource-constrained devices such as mixed
reality (MR) headsets. Streaming-based approaches—transmitting rendered im-
ages from powerful servers to lightweight clients—mitigate this but introduce
latency, system complexity, and failure modes undesirable in clinical settings.

3D Gaussian Splatting [10] has emerged as a highly efficient rendering paradigm
for real-time scene visualization, yet remains fundamentally image-based: scenes
are learned from multi-view RGB observations under known camera parame-
ters, requiring pose estimation, feature extraction, and image-domain supervi-
sion. This is poorly aligned with medical imaging, where ground truth is directly
available in voxel space as physically meaningful intensity values (e.g., Hounsfield
units). Optimizing through rendered images introduces unnecessary indirection,
projection errors, and pipeline complexity.

We therefore reformulate 3D Gaussian Splatting as a direct volumetric op-
timization problem, optimizing anisotropic Gaussians against a target volume
guided by region-of-interest (ROI) constraints—eliminating camera models, pose
estimation, and intermediate rendering. Each splat explicitly encodes a physical
intensity value, enabling post-hoc transfer function control without retraining,
supported by a differentiable splat-to-volume rasterization for end-to-end opti-
mization in voxel space. While not aiming to replace high-quality volume render-
ing in terms of visual fidelity, the method offers a compelling efficiency trade-off
for interactive and immersive applications.

Our main contributions are as follows:

— Volume-supervised 3D Gaussian Splatting. We replace multi-view RGB
supervision with direct voxel-space optimization via a differentiable splat-
to-volume rasterization, enabling end-to-end optimization against a target
volume and ROI mask.

— Intensity-aware volumetric Gaussian representation. Each splat en-
codes a physical intensity value (e.g., Hounsfield units), enabling post-hoc
transfer function modification without retraining.

— E Lcieht real-time volumetric rendering. The compact Gaussian rep-
resentation provides real-time, volume-rendering-like visualization suitable
for resource-constrained environments such as mixed reality devices.

2 Related Work

Gaussian Splatting and Neural Rendering: 3D Gaussian Splatting [10] repre-
sents scenes as sets of anisotropic Gaussians optimized from multi-view im-
ages, enabling real-time rendering with high visual fidelity. Extensions have
demonstrated near-photorealistic anatomical visualization via path tracing [17],
relightable representations [7], and direction-dependent volumetric effects [8,
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9]. Volume-rendering interaction concepts such as clipping [14] and transfer-
function-like behavior [19] are beginning to migrate to Gaussian Splatting. De-
spite these advances, all existing approaches remain tied to image-based super-
vision—even volumetric extensions rely on rendering-based optimization rather
than directly leveraging voxel-space ground truth. Most closely related is the con-
current work on Volume Encoding Gaussians (VEG) [6], which similarly stores
per-Gaussian scalar values to enable transfer-function-agnostic rendering. How-
ever, VEG trains from pre-rendered multi-view images using an opacity-guided
multi-transfer-function strategy, whereas we optimize directly against the CT
volume in voxel space—eliminating the need for rendered training images en-
tirely and encoding physically meaningful Hounsfield unit values per Gaussian.
Kleinbeck et al. [11] propose a layered Gaussian Splatting representation for
immersive anatomy visualization, pre-rendering CT data via path tracing to
train separate Gaussian layers for different anatomical structures. While effec-
tive for layer-switching at render time, color and opacity are baked into the
Gaussians, precluding post-hoc transfer function adjustments—a limitation our
voxel-native, HU-aware formulation avoids.

Volume Rendering and Splatting Techniques: Volume rendering [5] is the estab-
lished standard for medical data visualization, with photorealistic extensions via
path tracing [13]. Early splatting-based approaches [22] share conceptual similar-
ities with modern methods by approximating volume rendering using Gaussian
kernels. Despite significant progress, volume rendering remains computationally
demanding for large-scale medical datasets [3].

E Ccieht Medical Visualization and Mixed Reality: NeRF-based methods such
as MedNeRF [4] have adapted generative radiance fields to reconstruct CT pro-
jections from sparse X-ray views. However, these approaches train from ren-
dered image projections rather than volumetric data directly, and support nei-
ther real-time rendering nor interactive transfer function control—properties
central to our method. Surveys [16,20] highlight both the potential and limi-
tations of mixed reality in clinical workflows. While optimized volume render-
ing techniques [12] can improve clinical decision-making, they still struggle on
resource-constrained hardware. Our work bridges the gap by reformulating Gaus-
sian Splatting as a direct volumetric optimization problem, enabling efficient
visualization without intermediate rendering.

3 Method

3.1 From Image-Space to VVolume-Space

We reformulate 3D Gaussian Splatting as a direct volumetric optimization prob-
lem. Instead of learning a scene from multi-view RGB images, we optimize a set
of anisotropic 3D Gaussians directly against a target volume V and a region-of-
interest (ROI) mask M. Supervision, initialization, and topology adaptation are
all performed in voxel space, naturally aligning the representation with medical
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imaging. This eliminates the need for camera models, feature extraction, feature
matching, and image-based supervision.

Fig. 1. Our novel viewer application exploits the new per-splat intensity values (effec-
tively storing HU values) to dynamically change the transfer function during rendering,
similar to a volume rendering.

3.2 Gaussian Representation

Similar to the original 3DGS approach [10], we parameterize each Gaussian i by
its center position j, its covariance matrix j and opacity . In addition to
that, each splat explicitly encodes a physical intensity value ¢; (e.g., Hounsfield
units in CT), sampled directly from the input volume at each Gaussian position
using trilinear interpolation in normalized volume space. For large splats, the
method can instead use the mean of the voxels covered by the splat footprint.

This allows transfer functions to be applied or modified after training (see
Fig 1), similar to classical volume rendering, without requiring re-optimization.
In contrast to the original method, we restrict the spherical harmonic represen-
tation to degree 0, resulting in view-independent intensities that better reflect
the physically meaningful and direction-independent nature of medical imaging
data. For compatibility with standard Gaussian Splatting tools, exported PLY
files include a grayscale SH color parameter derived from the intensity values via
a standard black-and-white transfer function.
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3.3 Dilerentiable Splat-to-VVolume Formulation

To enable direct supervision in voxel space, we rasterize the Gaussian represen-
tation into a dense voxel grid that is aligned with the target volume. This allows
a direct comparison between the reconstructed volume ¥ and the ground-truth
volume V .

Each Gaussian i, defined by its center j, covariance j, opacity j, and
intensity Cj, contributes locally to nearby voxels via a spatial weighting function
wj. Specifically, the contribution of Gaussian i to a voxel at position x is given
by

wi(x) = iN(xj i i) (1)
where N(x ] j; i) denotes the anisotropic Gaussian kernel evaluated at x.
Intuitively, wj(x) measures how strongly Gaussian i influences voxel x, modu-
lated by its opacity.
To reconstruct the voxel intensity, we aggregate contributions from all Gaus-
sians using a normalized weighted average:

iWi(x)ci
iWi(X) +"

?x) = (2)

where Cj is the intensity associated with Gaussian i, and " is a small constant
to ensure numerical stability. This formulation can be interpreted as a smooth
interpolation of Gaussian intensities in voxel space.

A naive evaluation of all Gaussians for every voxel would be computation-
ally prohibitive. Therefore, we restrict computation to local neighborhoods by
evaluating each Gaussian only within a finite spatial support derived from its
covariance.

3.4 Smart Initialization

For most clinical tasks, e.g. intervention planning, only specific anatomical struc-
tures are relevant. To focus model capacity and computation on these regions,
we assume the availability of a region-of-interest (ROI) mask. The mask can
be obtained from segmentation methods such as TotalSegmentator and may be
binary or soft (float). Gaussian centers are sampled within the ROI, where soft
masks are interpreted as sampling probabilities, allowing uncertain but poten-
tially relevant regions to be retained.

In addition, we incorporate simple structural priors derived from the input
volume. Local gradients or second-order cues (e.g., structure tensor or Hessian-
based estimates) can be used to infer preferred orientations, enabling anisotropic
Gaussians to align with elongated structures such as vessels or bones. This im-
proves convergence and reduces the need for extensive topology adaptation dur-
ing optimization.

The initial Gaussian scales are sampled uniformly within a predefined range
in voxel units and converted to world space using the mean voxel spacing. This






