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Abstract. Existing 3D Gaussian Splatting (3DGS) frameworks rely on
camera-specific rasterization, suffering from inconsistent solid-angle sam-
pling and degraded performance across heterogeneous camera models
(e.g., perspective, fisheye, omnidirectional). To address this limitation,
we propose UniTriSplat, a unified 3DGS framework for universal cameras
that reformulates Gaussian splatting on the unit sphere via HEALPix
discretization. Leveraging the equal-area property of HEALPix, we con-
struct a spherical sampling grid aligned with the angular resolution of
input images. We derive the forward rendering and gradient propagation
of Gaussians directly in the spherical radian domain, yielding uniform op-
timization behavior from narrow-FoV images to full 360-degree panora-
mas. To enhance perceptual reconstruction quality, we additionally intro-
duce a HEALPix-aware SSIM loss that respects spherical neighborhood
structure. Extensive experiments across diverse camera models demon-
strate that UniTriSplat consistently improves cross-camera generaliza-
tion while preserving geometric fidelity and rendering quality. Project
page: https://yipengzhu0809.github.io/UniTriSplat/

Keywords: 3D Gaussian Splatting - Omnidirectional Reconstruction -
Novel View Synthesis

1 Introduction

3D Gaussian Splatting [23] (3DGS) achieves high-fidelity 3D reconstruction
by employing explicit primitives and a differentiable tile-based rasterization
pipeline. However, increasing demand for wide-field-of-view (FoV) perception
in urban-scale digital twins [38//42] and immersive virtual reality [21}[34] requires
a shift from perspective rendering to omnidirectional synthesis. This transition
necessitates that 3DGS natively supports heterogeneous imaging models across
arbitrary-FoV configurations, including fisheye lenses and 360° imagery.
Despite its efficiency, adapting 3DGS to diverse camera geometries remains
challenging. Existing frameworks typically rely on camera-specific projection
functions [29] and their corresponding Jacobian matrices [43], which leads to
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Fig.1: Limitations of camera-specific 3DGS pipelines. Existing methods re-
quire separate rasterizers and projection models for different camera types, resulting
in fragmented implementations and poor cross-camera generalization.

fragmented implementations and limits their versatility. Crucially, the tight cou-
pling between the rasterizer and the pinhole model prevents the learned Gaussian
scene from maintaining geometric consistency when rendered across different
camera types, thereby compromising cross-camera generalization (Fig. . An
alternative is to map diverse camera models onto a unified intermediate space,
such as equirectangular panoramas . Nevertheless, this approach is
limited by the requirement for 360° coverage and struggles with partial-FoV in-
puts. Furthermore, the non-uniform pixel density of equirectangular projection
induces imbalanced sampling between polar and equatorial zones , resulting
in biased gradient propagation and suboptimal convergence (Fig. .
Fundamentally, all central camera models can be unified through a shared
spherical geometry. In this work, we exploit this principle to develop Uni-
TriSplat, a unified 3DGS framework featuring a camera-agnostic spherical ras-
terizer. By projecting 3D Gaussians directly onto a standardized spherical grid,
UniTriSplat decouples the rendering process from camera-specific projection, en-
abling consistent synthesis across arbitrary FoVs and lens models. Specifically, we
adopt HEALPix [11] (Hierarchical Equal Area iso-Latitude Pixelization) as the
underlying spherical discretization scheme. HEALPix partitions the sphere into
a hierarchical grid of equal-area pixels, inherently eliminating the sampling bias
present in equirectangular representations . To accommodate varying cam-
era configurations, we adjust the HEALPix resolution by matching the grid’s
solid angle to the local angular resolution of the input images. Building upon
this representation, we reformulate the forward and backward rasterization of
3DGS within the arc-length coordinate system on the unit sphere, and employ
HEALPix for uniform spherical tessellation. Subsequently, we redesign the tile
query, depth sorting, and density control modules to operate natively on the
HEALPix grid. In particular, the tile query supports both sequential scanning
and quadtree traversal via different indexing schemes, integrating depth sort-
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Fig. 2: Overview of UniTriSplat. (a) Unified mapping from heterogeneous camera
models to the HEALPix domain with FoV-specific masking. (b) Spherical rasterization
within the radian space: projection, tile query, and depth-sorted blending. (c) Sampling
the rendered HEALPix grids into 2D images for evaluation. (d) Optimization guided
by the HEALPix-aware SSIM and L; losses.

ing by radial distance and density control driven by angular-gradient thresh-
olds. During rendering, the 3D Gaussian scene is rasterized onto a spherical
domain corresponding to the target FoV, followed by resampling onto the image
plane of the target camera. To further extend spherical perceptual quality to
HEALPix, we introduce a HEALPix-aware SSIM (Structural Similarity Index)
loss that computes structural similarity over spherical neighborhoods, improv-
ing reconstruction fidelity in distorted regions. The pipeline of UniTriSplat is
illustrated in Fig. 2| Our contributions can be summarized as follows:

— Proposing UniTriSplat, the first 3DGS framework supporting arbitrary cam-
era models and FoVs via a unified HEALPix-based rasterization pipeline.

— Deriving the gradients for splatting 3D Gaussians onto HEALPix spherical
grids and developing a custom rasterizer for effective training and rendering.

— Designing a HEALPix-SSIM loss for spherical geometry in structural simi-
larity computation, facilitating spatially uniform Gaussian optimization.

— Comprehensive experiments demonstrating state-of-the-art spherical recon-
struction metrics, competitive planar metrics, improved cross-camera gener-
alization, and stable reconstruction quality for arbitrary-FoV inputs.



4 Y. Zhu et al.

Base Quadrilaterals x 12

b) 3D Point Distribution

006 005 004 003 0.02 001

MEEEERN ?| Equirectangular Screen _s,m,. P

L

Ordering Ordering »
order=2, nside=4 order=3, nside=8 HEALPix Screen Al pixel have equal spherical aroa: 0.0654sr

Fig.3: HEALPix Tessellation and Uniform Rasterization. (a) Hierarchical
structure and indexing. (b) Equirectangular projection shows 7.6x pixel area varia-
tion, while HEALPix ensures uniform spherical sampling.

2 Related Work

2.1 3D Gaussian Splatting Beyond Perspective Projection

Wide-FoV cameras are essential for VR, robotics, and autonomous systems, yet
vanilla 3DGS relies on perspective projection, introducing severe distortions for
such inputs (Fig. [3). Recent works derive camera-specific Jacobians for
equidistant and equirectangular projections. Others employ tangent-plane pro-
jections , splatting Gaussians onto local tangent planes then warping
to the sphere, though this introduces linearization artifacts at patch boundaries.
Several works redesign the EWA affine approximation for wide-
FoV imaging; notably, Wu et al. replace it with the Unscented Transform
for more accurate nonlinear projection under arbitrary distortions. Ito et al.
apply distortion-aware reweighting to mitigate polar oversampling, while Shin
et al. jointly optimize with dual-fisheye calibration for seamless 360° ren-
derings. Deng et al. propose a cross-FoV method that extends perspective
projection to a cubemap representation, enabling the processing of large-FoV
images. However, all these methods require camera-specific modifications and
remain confined to equirectangular or planar rasterization, leaving nonuniform
sampling unaddressed. Our work performs rasterization directly on the sphere,
providing a camera-agnostic framework with inherently uniform coverage.

2.2 Spherical Image Representation

Projecting visual signals onto a sphere aligns naturally with omnidirectional per-
ception. Since omnidirectional imaging was widely adopted , equirectangular
projection has become popular for its simplicity, supporting various vision
tasks , but suffers from severe polar oversampling. To address this,
uniform tessellation schemes have been explored ﬂEﬂ, including cubemap ,
icosahedral grids [31], and quasi-uniform Yin—Yang grid [22]. Choi et al. [7] use
Yin-Yang grid for balanced ray sampling in scene reconstruction, while Lee et
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al. [26] leverage it for quasi-uniform patch decomposition enabling pretrained
networks on 360° images. We adopt HEALPix as our spherical representation
(Fig. . Unlike quasi-uniform schemes, HEALPix guarantees strictly equal-area
pixels with a hierarchical multi-resolution structure. Carlsson et al. [3] exploit
this hierarchy for efficient spherical self-attention, while Krachmalnicoff et al. [24]
and Cheng et al. [5] provide foundational spherical CNN implementations. De-
spite existing efforts for HEALPix-based applications [5|, HEALPix’s irregular
geometry has limitations in 3D tasks. We present the first CUDA implementation
integrating HEALPix directly into the 3DGS rasterization pipeline.

3 HEALPix-based 3D Gaussian Rasterization

In this paper, we present a unified 3DGS framework that rasterizes directly on
the HEALPix spherical grid. The following sections detail HEALPix adaptation
for visual representation (Sec. , latitude-aware spherical splatting with gra-
dient derivations (Sec. , efficient tile query algorithms exploiting HEALPix’s
indexing (Sec. , and image synthesis for arbitrary camera models (Sec. .

3.1 Adapting HEALPix for Visual Representation

Our rasterizer operates on the HEALPix grid, which partitions the unit sphere
into 12 base quadrilaterals, each recursively subdivided with resolution param-
eter Nyide (power of two), yielding Npix = 12N2,, equal-area pixels. This equal-
area property ensures uniform solid angle {2,ix = 47/Npix per pixel, providing
balanced gradient contributions during backpropagation.

To dynamically match the input angular resolution, we compute the adap-
tive HEALPix resolution N, = /47W H/(12(2%,) and round it to the near-
est power of two. The solid angle (2, is defined as 4w for Equirectangular,
2m(1—cos ) for Fisheye, and 4 arcsin(sin 6, sin 8,)) for Perspective, where 6, 8, 6,
denote the respective half-FoVs. For a camera model C, let D¢ C [0, W) x [0, H)
denote its valid image domain. We define the image-to-sphere mapping Pc :
De — S?, which maps each valid image pixel (u,v) to its spherical direction
(w, ¢). The corresponding visible spherical region is R¢ = Pc(Dc), with the
HEALPix visibility mask Mc¢(p) = 1{(wp, ¢p) € R¢|. Ground-truth images are
resampled onto the adaptive-resolution HEALPix grid within R¢, enabling uni-
fied supervision across camera models, as shown in Fig. a).

HEALPix provides two indexing schemes: RING ordering arranges pixels
along iso-latitude rings, while NESTED ordering follows the hierarchical quadtree
structure, as illustrated in Fig. 3| We adopt NESTED indexing with (z,y, f) pa-
rameterization, where z,y € [0, Ngqe) are local coordinates within base quadri-
lateral f € [0,12). This maps naturally to GPU parallelization: each base quadri-
lateral is partitioned into [ Ngjgqe/B]? tiles of Bx B threads, yielding 12[ Nyjqe/ B>
parallel tiles with hierarchical spatial coherence for efficient memory access.
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3.2 Latitude-Aware Splatting on the Unit Sphere

We now formulate how 3D Gaussians are splatted onto the HEALPix spherical
screen space, parameterized in radians rather than pixels. Let t = Wu + b
denote the camera-space position of a Gaussian center u, where W € R3*3 and
b are the rotation and translation of the view matrix.

Forward Projection. The spherical projection IT : R?> — S? maps t =
(tzty,t.)" to longitude-latitude coordinates:

p = I(t) = (0,07, w=atan2(ts,t.), ¢ = atan2 (ty, VET tg) L)

with radial depth r = ||t|| for depth sorting. The 3D covariance ¥'p is projected
to radian-space covariance X,,q via the Jacobian of IT composed with the rota-
tion, characterizing the Gaussian’s angular extent for spherical rasterization.

Since the HEALPix screen measures arc length rather than angular displace-
ment, and equal angular increments yield different arc lengths at different lati-
tudes, we apply latitude-dependent scaling:

Yare =S¢ XraaSy, Sy = diag(cos ¢, 1). (2)

Conic parameters are computed from E;r}j,

Ts = 31/ Amax(Xarc) determines tile overlap.

Backward Propagation. Gradients propagate through this pipeline to up-

date p, scale s, and rotation q. Let Ly = 2%.

Covariance gradients. Since S; depends on ¢, backpropagating through
Eq. yields:

£50 =S1 L5080 Lalg, = 56 (20086 00 Lows +0up Lo ), (3)

and the spherical bounding radius

where X, ,q = (Z;; Z;ﬁ; ) The first term is the standard covariance gradient; the
second captures how projected Gaussian shape varies with latitude. Gradients
then propagate through X,,q = TX3pT ' to update s and q.

Position gradients. Beyond standard paths through J and ', spherical pro-

jection introduces an additional path through Sg:

L]  OL 0%wadJ  OL|  OL 0Xac0S,0¢
Otly 0Xaa 03 Ot Otlg, OXae 0Sy 0¢ Ot

(4)

The second term is a geometry-dependent gradient path unique to spherical

projection. The total gradient, including glf, J, transforms to world space via

% = WT 2L For depth supervision, we use inverse radial depth r~!, whose
. soor~ Y t

gradient is “5— = — 5.

3.3 Efficient Tile Query on HEALPix

Given the projected spherical covariances, we perform tile-based culling to re-
strict each Gaussian’s contribution to its intersecting HEALPix regions, ensuring
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high-performance rendering. In vanilla 3DGS, each 2D Gaussian’s rectangular
footprint is intersected with a regular tile grid in O(1) time. Since HEALPix pix-
els do not form a rectangular lattice, we develop two alternative query strategies
exploiting its NESTED and RING indexing, which are illustrated in Fig.

NESTED Quadtree Traversal. HEALPix’s NESTED indexing forms a
quadtree hierarchy. Given a spherical disc with center (w, ¢) and radius r,, we
perform depth-first search (DFS) from the 12 base quadrilaterals, pruning sub-
trees whose centers lie entirely outside the disc. Let N, denote the query resolu-
tion, P the number of Gaussians, and K the average touched pixels per Gaussian.
This achieves O(K +log N2,.) time per Gaussian, but requires O(P -log N% )
stack memory and suffers from irregular memory access on the GPU.

RING Sequential Scan. HEALPix’s RING indexing arranges pixels in iso-
latitude rings, each characterized by z = cos®¥ where ¥ € [0, 7] is the colatitude
measured from the north pole. We compute the z-range intersecting the disc,
then analytically solve for the longitude range within each ring:

COSTg — Z¢ * Zring

cos Aw = , (5)

— 2. 2
V1= 22 1 Zing

where z. = sin ¢, is the z-coordinate of the disc center at latitude ¢., and Aw
is the half-width in longitude. This yields O(K) time with O(1) memory. Both
schemes capture distinct trade-offs: NESTED prioritizes precision, while RING
achieves a 1.7x speedup at the expense of quality (see Sec. .

3.4 Rendering on Spherical Grid and Image Synthesis

To ensure correct visibility across the full sphere, we perform per-tile alpha
compositing by sorting Gaussians based on their radial distance r = |t| from
the camera origin, rather than conventional planar z-depth. Each HEALPix
pixel center is determined by its NESTED index (z, y, f), which maps to spheri-
cal coordinates (wpix, Ppix) via the HEALPix indexing scheme. During per-pixel
blending, we compute the great-circle distance dy. between each Gaussian cen-
ter (w,¢) and the HEALPix pixel center using the Haversine formula [35], as
shown in Fig. |2| (b), then decompose it into local tangent-plane offsets (d, dy)
via the spherical bearing angle. The per-pixel blending weight is computed as
a=o0-exp(—3d" X, td), where o is the Gaussian opacity and d = (d;,d,) .

Consequently, the HEALPix sphere is rendered through front-to-back a-
blending. For a HEALPix pixel p, let S, denote the set of overlapping Gaussians,
sorted by increasing radial depth r;. Its rendered color is

In(p) =Y ciailp) ] (1—a;(p), (6)

i€S, JES,
T <Tj

where c¢; is the view-dependent color of Gaussian ¢, and «;(p) is the blending
weight, evaluated for Gaussian ¢ at pixel p. Using the camera mapping P¢ and



8 Y. Zhu et al.

Omnidirectional )

250° Hx220° V
[11) .

Fig. 4: Rendering across camera models and FoVs. UniTriSplat synthesizes per-
spective, fisheye, and omnidirectional images by changing only the image-to-sphere
mapping and valid FoV mask. The underlying spherical rasterization remains un-
changed across camera configurations.

valid image domain D¢ defined in Sec. 3.1} the final image is obtained by inter-
polating neighboring HEALPix samples:

Ic(u,v) = Interpy (I, Pe(u,v)), (u,v) € De. (7)

For partial-FoV cameras, rendering and optimization are restricted to HEALPix
pixels satisfying Mc(p) = 1, avoiding computation outside the visible spherical
region Re. Figure [4 illustrates image synthesis across different camera models
and FoVs while keeping the underlying HEALPix rasterization unchanged.

4 Training on the HEALPix Grid

Having described the spherical rasterization pipeline, we now detail the training
procedure. Two components require adaptation: the structure-aware loss must re-
spect HEALPix’s non-planar topology (Sec. , and the density control thresh-
olds must operate in radian space rather than pixel counts (Sec. .

4.1 HEALPix-SSIM Loss

The original 3DGS combines £; photometric loss and SSIM structure-aware
loss. However, standard SSIM assumes a regular 2D grid, making it inapplicable
to HEALPix tessellation. We propose HEALPix-SSIM (HSSIM), a structural
similarity metric for the HEALPix grid with a fully differentiable CUDA imple-
mentation. Within each base quadrilateral, the NESTED (z,y, f) parameteriza-
tion approximates a local 2D grid, enabling separable convolution to compute
local statistics p, o2, and covariance o5 between rendered and ground-truth
HEALPix images for the SSIM index. At quadrilateral boundaries, topologi-
cal singularities cause some corner pixels to have only 7 neighbors; we detect
such cases and renormalize kernel weights accordingly. Furthermore, since equal
pixel offsets correspond to different angular distances at varying latitudes, we
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Fig.5: HEALPix-SSIM. Zone-specific convolution kernels (left), spherical convolu-
tion with shared memory and singularity-aware boundary handling (middle), and the
comparison of the resulting HSSIM map and SSIM map (right).

employ zone-specific Gaussian kernels: isotropic for the equatorial zone where
pixels are roughly square, and anisotropic for polar zones where pixel geome-
try is longitudinally compressed (Fig. . Our CUDA implementation leverages
shared memory with cross-face padding and caches intermediate derivatives for
efficient gradient propagation via transposed convolution. The final training loss
is £ = (1 —MNLY + X\ Ly.ssia, where £ is the per-pixel ¢; distance on the
HEALPix grid and A balances photometric and perceptual terms.

4.2 Radian-Space Density Control

Adaptive density control in 3DGS clones or splits high-gradient Gaussians and
prunes low-opacity or oversized ones. Directly applying pixel-based thresholds to
HEALPix is problematic because spherical projection maps Gaussians to angular
coordinates (w, ¢), requiring size-based criteria to operate in radian-space. For
each visible Gaussian, the spherical projection produces a 2D covariance X, on
the sphere, from which we derive an angular radius r representing the Gaussian’s
spherical footprint. We maintain a per-Gaussian buffer that records the maxi-
mum 7, observed across training iterations, updated via 7 max < Max(rs max, 7's)
whenever the Gaussian is visible. This radian-space tracking replaces pixel-based
screen size and ensures scale comparisons remain consistent on the HEALPix
grid. The pruning threshold for oversized Gaussians is similarly converted from
pixels to radians based on the HEALPix resolution Ng;qe.

In order to reduce the number of primitives and time consumption, we also
explore multi-view consistent pruning , which removes Gaussians contribut-
ing minimally to reconstruction across sampled views. This is an exploratory
configuration that is not used in the final framework due to quality degradation.
However, ablation results confirm that it provides a speed-quality trade-off.

5 Experiment

In this section, we evaluate UniTriSplat’s performance in terms of multi-FoV re-
construction fidelity, cross-camera generalization, and computational efficiency.
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Table 1: Quantitative Results of Multi-FoV Evaluation. We evaluate Uni-
TriSplat on perspective (Pp.), fisheye (Fe.), and omnidirectional (Omni.) datasets.
FoV denotes horizontal x vertical field of view. Training time is reported for 30,000 it-
erations. ' Blue and light blue indicate the best and second-best results, respectively.

Dataset FoV Method PSNR (dB)t SSIMt HSSIMt LPIPS| Train (min)|
o o 3DGS 25.59 0.801 0.726  0.258 25.2
ff." NeRF 360 56280X 3f7§ OP43DGS 28.03 0.879 0.741 | 0.231 45.6
1p-Ne % Ours 27.57 0.848 = 0.806  0.239 47.2
Fe OP43DGS 21.82 0.728 0.650  0.355 30.5
SoanN 127° x 85°  Fisheye-GS 29.13 0.920 0.801  0.186 435
canlNet-+-+ Ours 29.75  0.928 0.883 0.179 46.4
o o OP43DGS 21.64 0.717 0.634  0.321 50.1
gf(')RD 1127000X 1127000 Fisheye-GS 21.15 0.704 0.615  0.350 25.6
x Ours 24.27 0.791 0.748 0.279 54.2
ODGS 21.89 0.813 0.786  0.246 42.8
Omni. 360° x 150° OP43DGS 23.07 0.833 0.809  0.221 71.1
Ricoh360 OmniGS 25.34 0.872 0.843 [ 0.195 18.1
Ours 24.70 0.864 | 0.863  0.212 29.0
ODGS 29.81 0.876 0.859  0.239 405
Omni. 360° x 1800 OP43DGS 32.01 0.883 0.865  0.182 91.8
OmniBlender OmniGS 33.21 0.919 0.891 [ 0.166 19.8
Ours 32.57 0.905 | 0.900 0.172 28.2
ODGS 20.72 0.722 0.685  0.383 247.6
Omni. 360° x 1800 OP43DGS 21.04 0.732 0.686  0.376 330.7
360Roam OmniGS 21.48 0.741 0.710  0.369 122.6
Ours 21.82 0.747 0.724 0.353 102.1

We compare against 3DGS and OP43DGS [19] on perspective images, Fisheye-
GS [29] and OP43DGS on fisheye images, and ODGS [25], OP43DGS, and Om-
niGS [28] on omnidirectional images. We conduct three sets of experiments:
multi-FoV evaluation, cross-camera validation, and an ablation study.

5.1 Implementation and Experiment Setup

Implementation. UniTriSplat is built upon standard 3DGS with a redesigned
rasterization pipeline and the HEALPix-aware SSIM module. While baseline
methods retain their default training parameters, we adapt the densification
thresholds, learning rates, and decay schedules for UniTriSplat to accommodate
the unique gradient distributions inherent in the spherical domain (Sec. . We
evaluate UniTriSplat using benchmarks covering multiple input FoV regimes:
Mip-NeRF 360 [2] for perspective; ScanNet++ [39] and FIORD [13] for fish-
eye; and 360Roam [16], OmniBlender [7], and Ricoh360 [7] for omnidirectional
FoVs. All models are trained on a single NVIDIA RTX 4090D GPU. We report
standard metrics including PSNR, SSIM, and LPIPS [40]. As traditional planar
metrics can be biased against spherical representations due to resampling, we
project baseline results onto the HEALPix grid to ensure a fair comparison via
HEALPix-SSIM (HSSIM) (Sec. .

Multi-FoV evaluation. To assess UniTriSplat across diverse camera mod-
els, we evaluate it over a broad range of FoVs, including perspective, fisheye,
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E

Fig. 6: Qualitative Results of Multi-FoV Evaluation. We compare UniTriSplat
with camera-specific baselines across diverse camera models and FoVs. From top to
bottom, the four rows show results on selected scenes from Mip-NeRF 360, ScanNet-++,
FIORD, and 360Roam, respectively. UniTriSplat maintains stable rendering quality,
with better performance on fisheye and omnidirectional images. Additional results are
provided in the supplementary material.

and omnidirectional imaging. Each camera setting is evaluated on representa-
tive benchmarks against the corresponding projection-specific 3DGS baselines.
This evaluates whether unified spherical rasterization maintains reconstruction
quality across different projection distortion and spherical coverage.

Cross-camera validation. To verify that the learned 3D Gaussians main-
tain consistency across diverse projections, we train on omnidirectional data
and render perspective and fisheye views at multiple FoVs using our HEALPix
rasterizer. We define the original camera orientation as the front direction. For
Ricoh360, OmniBlender, and 360Roam, respectively, we render front-facing fish-
eye views with FoVs of 120°, 180°, and 240°, and perspective views with FoVs of
45°, 60°, and 90° facing backward, rightward, and leftward. Ground-truth views
are generated through sphere-to-plane sampling.

5.2 Results, Evaluation and Discussion

Multi-FoV Evaluation. The quantitative results in Tab. [I] demonstrate that
UniTriSplat maintains stable and competitive performance across multiple cam-
era models and FoVs. On perspective inputs, UniTriSplat outperforms vanilla
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Table 2: Quantitative Results of Cross-camera Validation. Given Gaussian
scenes reconstructed from omnidirectional inputs, we evaluate perspective (Pp.) and
fisheye (Fe.) rendering using camera-specific rasterizers and our unified rasterizer.
Blue and light blue indicate the best and second-best results. Our method demon-
strates consistent cross-camera generalization across diverse projection models.

Pp. from 3DGS Pp. from Ours Fe. from OP43DGS Fe. from Ours
Dataset Method |PSNR$ SSIM{T LPIPS)|PSNR1 SSIMT LPIPS||PSNR1 SSIM1 LPIPS||PSNRt SSIM1 LPIPS]

ODGS 12.27 0.502 0.704 | 17.59 0.602 0.511 | 19.32 0.647 0.318 | 22.52 0.707 0.294
Ricoh360 OP4(?DGS 12.71 0.487 0.787 | 18.81 0.693 0.440 | 25.69 0.881 0.190 | 19.60 0.639 0.302
OmniGS | 22.67 0.804 0.165 22.77 0.724 0.304 | 24.17 0.783 0.252 | 21.08 0.684 0.335
Ours 16.30 0.521 0.681 29.01 0.864 0.144 | 17.95 0.581 0.408 | 27.66 0.893 0.147
ODGS 15.30 0.516 0.609 | 20.40 0.623 0.379 | 21.70 0.724 0.205 | 22.98 0.811 0.315
OmniBlender OP43DGS| 15.63 0.560 0.566 | 20.76 0.646 0.363 | 29.51 0.880 0.137 | 20.01 0.631 0.326
OmniGS | 22.44 0.720 0.313 21.18 0.685 0.337 | 21.03 0.726 0.218 | 23.65 0.832 0.293
Ours 22.54 0.759 0.262 28.17 0.834 0.168 | 31.33 0.905 0.128 | 31.94 0.916 0.134
ODGS 18.26  0.709 0.391 23.65 0.759 0.333 | 20.28 0.650 0.426 | 20.74 0.683 0.404
360Roam OP4(?DGS 18.50 0.720 0.390 ‘ 23.61 0.766 0.326 | 21.44 0.701 0.368 | 21.09 0.689 0.385
OmniGS | 18.75 0.731 0.389 | 23.55 0.773 0.319 | 22.03 0.729 0.327 | 22.40 0.741 0.299
Ours 22.02 0.765 0.333 24.70 0.786 0.304 | 23.87 0.809 0.276 | 23.99 0.815 0.261

3DGS 23] and remains competitive with OP43DGS [19]. While spherical-to-
planar resampling slightly reduces the sharpness, UniTriSplat achieves the best
HSSIM, indicating improved structural consistency. In addition, UniTriSplat per-
forms particularly well on severely distorted fisheye inputs. On the ultra-wide-
FoV FIORD [13] dataset, UniTriSplat improves PSNR, by approximately 3 dB
over the baselines, indicating that spherical-grid representations are inherently
well suited to spherical imaging geometry. On ScanNet++ [39], UniTriSplat also
consistently improves all reconstruction metrics over Fisheye-GS [29], while the
larger gain on FIORD suggests that spherical rasterization is effective under
more severe distortion. On omnidirectional benchmarks, UniTriSplat achieves
state-of-the-art performance on 360Roam [16] while remaining competitive on
Ricoh360 [7] and OmniBlender [7]. On the evaluated omnidirectional datasets,
UniTriSplat maintains competitive training efficiency and records the shortest
training time on 360Roam. Further efficiency analysis across input resolutions is
provided in the supplementary material. Although OP43DGS supports multiple
camera models, it is less competitive on the evaluated wide-FoV fisheye and om-
nidirectional datasets. This suggests that its camera-specific tangent-plane for-
mulation is less robust under severe projection distortion. Moreover, UniTriSplat
consistently achieves the best HSSIM across all datasets, demonstrating effective
optimization over spherical geometry.

The qualitative results in Fig. [f] show that, by restricting HEALPix raster-
ization to the target FoV, UniTriSplat supports training and rendering across
varying FoVs. On fisheye data, UniTriSplat produces fewer artifacts than the
baselines, indicating that uniform spherical tessellation facilitates more accurate
optimization under spherical projection. A similar effect is observed for omnidi-
rectional images, where UniTriSplat better preserves polar details, such as the
ceiling structures, which are degraded by the baselines. Although resampling
from the sphere to the perspective plane slightly reduces sharpness, UniTriSplat
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Fig.7: The Qualitative Results of Cross-camera Validation. We evaluate ren-
derings across different FoVs against GT images across three scenes (top to bottom:
Pillar, Chair, Center). Our unified method maintains superior rendering quality and
consistent geometric fidelity across heterogeneous cameras.

produces cleaner boundaries at narrow FoVs, with fewer spike-shaped artifacts,
and maintains consistent fidelity across the image.

Cross-camera Validation. Table [2| reveals a strong interaction between
scene optimization and the rasterizer used for image synthesis. Camera-specific
rasterizers generally perform best when applied to Gaussian representations op-
timized with their native projection model, but their performance can degrade
substantially when transferred across camera models. In contrast, UniTriSplat
maintains more consistent synthesis quality across perspective and fisheye pro-
jections, particularly for scenes optimized using its unified spherical rasterizer.
These results suggest that HEALPix-based optimization reduces projection-
specific coupling between the learned Gaussians and the camera model.

UniTriSplat generally achieves higher perspective-rendering quality than the
vanilla 3DGS across the evaluated scenes. In fisheye synthesis, our rasterizer
achieves competitive results across the evaluated scenes, except when OP43DGS
renders the Gaussian representation optimized with its own rasterization pipeline.
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RING Ordering Search
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Fig. 8: The illustration of Tile Query Methods and the Qualitative Results
of the Ablation Study. The ‘classroom’ scene is reported here. DF'S stands for depth-
first search El Comparison of NESTED quadtree traversal and RING sequential scan
demonstrates quality-efficiency trade-offs across different query resolutions.

Notably, while OP43DGS is constrained by specific camera models and FoV lim-
itations such as a sub-180° range or the requirement for symmetric horizontal
and vertical FoVs, UniTriSplat is camera-agnostic and handles arbitrary con-
figurations. These results validate the effectiveness of our unified rasterization
principle, demonstrating robust cross-camera generalization.

Qualitative results in Fig. [7] further substantiate these observations. Perspec-
tive crops synthesized by UniTriSplat exhibit higher fidelity with fewer geometric
artifacts compared to vanilla 3DGS. A remaining challenge is observed in the
Ricoh360 outdoor dataset, where OP43DGS rendering of our scenes shows ar-
tifacts in the sky regions, indicating a potential area for future optimization in
handling unbounded backgrounds. Collectively, these results demonstrate that
our unified spherical rasterization effectively decouples scene representation from
camera-specific geometry, ensuring robust cross-camera generalization.

5.3 Ablation Study

We conduct ablation experiments on OmniBlender to analyze the contribution of
each component in UniTriSplat. Table[3]summarizes the results, where R denotes
RING Sequential Scan, D denotes NESTED Quadtree Traversal (Sec. , and
x1, X2, x4 indicate search depths at 1x, 2x, and 4x the original tile resolution,
respectively. The first four rows of the left column reveal that quadtree search on
denser HEALPix grids improves reconstruction quality at the expense of time
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Table 3: Ablation study on the OmniBlender dataset. We evaluate the impact
of tile query strategies and optimization components. R denotes RING Sequential Scan,
D denotes NESTED Quadtree Traversal (Sec. , and xn indicates the search depth
relative to the tile resolution. The highlighted configuration R (x4) is selected as our
default for its optimal performance-efficiency trade-off.

Tile Query PSNR?T SSIM7 Time (min) Optimization = PSNR?T SSIM? Time (min)

R (x4) 32.57 0.905 28.2 Full Pipeline (Ref.) 32.57 0.905 28.2
D (x4) 33.64 0.916 49.1 w/o HSSIM 26.42 0.721 21.7
D (x2) 26.49 0.778 37.6 w/o Density Control —24.83 0.732 33.0
D (x1) 20.36 0.631 18.8 w/ Final Pruning 28.27 0.847 20.2

efficiency. RING Sequential Scan on denser grids achieves competitive metrics
while maintaining high efficiency, and is therefore adopted as the default tile
query module in UniTriSplat. As illustrated in Fig. [§] low-density deep search
produces severe aliasing artifacts. Furthermore, removing either HSSIM or Den-
sity Control degrades performance across all reconstruction metrics, confirming
the necessity of both modules. Final pruning substantially reduces the train-
ing time by removing redundant Gaussians. However, the resulting reduction
in model capacity limits the achievable reconstruction quality, leading to lower
metrics. We therefore exclude final pruning from our default configuration.

6 Conclusion

UniTriSplat introduces a unified 3DGS framework that reformulates rasteriza-
tion on the equal-area HEALPix spherical tessellation, effectively mitigating the
geometric distortions inherent in traditional planar projections. By decoupling
spherical rasterization from camera-specific projection implementations, our ap-
proach enables model-agnostic synthesis for perspective, fisheye, and omnidi-
rectional cameras within a single, consistent architecture. Leveraging a CUDA-
accelerated rasterizer and a HEALPix-aware SSIM loss, UniTriSplat maintains
stable reconstruction quality across diverse camera models and FoVs while en-
abling consistent cross-camera synthesis. Limitations include aliasing when re-
sampling from HEALPix to planar images at lower resolutions, and minor pro-
jection errors from the EWA [43] splatting approximation. Future work will focus
on refining rendering fidelity by addressing resampling aliasing and exploring ad-
vanced hierarchical acceleration structures tailored for the HEALPix topology.
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