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Figure 1: PanoGS takes as input a sparse set of indoor equirectangular images and produces a web-based high-resolution
Gaussian Splatting scene for interactive inspection.
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Abstract
Sparse panoramic capture enables efficient indoor digitization, but
transforming a few 360◦ images into web-based, high-resolution
3D representations remains difficult. Limited viewpoint overlap,
equirectangular (ERP) distortions, uncertain depth scale, and the
perspective-camera assumptions of most image-to-3D pipelines
make direct reconstruction unreliable. This paper introduces
PanoGS, a pipeline that uses inferred depth from vision foundation
models to guide the generation of high-resolution 3D Gaussian
Splatting scenes from sparse panoramic images. Given a small set of

https://doi.org/10.1145/3563045.3563055
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RGB panoramas, we first estimate camera poses and low-resolution
depth priors using a feed-forward panoramic reconstruction model.
We then refine these priors at native ERP resolution through global-
local depth refinement and fuse the resulting RGB-D panoramas
into a Truncated Signed Distance Function (TSDF) geometric sub-
strate, which provides stable surface support, normals, visibility
information, and local scale estimates for initializing anisotropic
Gaussian primitives. The initialized scene is further refined using
an ERP-aware Gaussian optimization strategy with progressive
levels of detail, appearance warm-start, conservative geometry
updates, neighbor-based multiview refinement, and shardwise
processing for large scenes. The resulting assets can be exported to
Gaussian splat viewers and browser-based inspection tools. Results
on indoor panoramic scenes demonstrate that the proposed guided
formulation produces more stable and complete Gaussian scenes
than direct depth-based seeding. At the same time, high-resolution
depth refinement improves fine geometric and visual detail. PanoGS
shows how sparse 360◦ captures can be transformed into practical
web-based Gaussian representations for Web3D applications. 1

CCS Concepts
• Computing methodologies → Computer graphics; Com-
puter vision;Machine learning; Reconstruction.
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1 Introduction
Panoramic imagery has become a practical capture modality for
indoor digitization, virtual tours, interactive visualization, and web-
based 3D applications [Pintore et al. 2026]. A single equirectangular
(ERP) panorama captures the full surrounding environment from
one viewpoint, making it possible to cover large indoor spaces
with far fewer images than conventional perspective capture. This
acquisition model is particularly attractive in architectural docu-
mentation, cultural heritage, real-estate visualization, industrial
inspection, and digital twin creation, where fast capture and in-
teractive exploration are often more important than dense image
acquisition [Tukur et al. 2025]. However, transforming a sparse set
of 360◦ images into a high-quality navigable 3D scene remains dif-
ficult. Sparse panoramic captures typically exhibit wide baselines,
limited overlap, large textureless regions, occlusions, and strong
ERP distortions, all of which complicate camera estimation, depth
recovery, and view-consistent rendering [Guo et al. 2026].

1A demonstration video accompanying this paper is available at https://
drive.google.com/file/d/1oj243hKgK-gF6oB2wRSqtByCG0BrmIkD/view.

Recent neural scene representations have significantly im-
proved novel-view synthesis and real-time rendering. In par-
ticular, 3D Gaussian Splatting (3DGS) represents scenes with
explicit anisotropic Gaussian primitives and enables high-quality
rasterization-based rendering at interactive rates [Bao et al. 2025a].
This makes Gaussian Splatting especially appealing for interactive
web-based applications, where responsiveness and visual fidelity
are both critical. Nevertheless, standard 3DGS pipelines are usually
designed around dense perspective image collections and reliable
Structure-from-Motion initialization [Jiang et al. 2025]. When
applied to sparse panoramic inputs, they face two major issues:
first, accurate geometry is hard to recover from few wide-baseline
observations; second, panoramic images are not naturally handled
by perspective-camera assumptions and require careful treatment
of spherical projection, distortion, and visibility [Pintore et al.
2026].

Several recent works have started to address these limitations
by combining Gaussian Splatting with feed-forward reconstruc-
tion [Jiang et al. 2025]. Generalizable 3DGS methods predict Gauss-
ian primitives directly from sparse images, reducing or eliminating
per-scene optimization. Panoramic Gaussian Splatting has also re-
ceived increasing attention [Chen et al. 2025], and they have started
to obtain high-quality results. However, such approaches are pri-
marily learned, feed-forward, novel-view synthesis systems. They
depend on training data, operate within the resolution and mem-
ory constraints of their networks, and output Gaussian primitives
through learned prediction. In contrast, many Web3D and digital-
twin scenarios involve scene-specific reconstruction from high-
resolution panoramas, where one may prefer a modular pipeline
that explicitly leverages pose/depth foundation models, native-
resolution depth refinement, geometric fusion, and controllable
Gaussian optimization.

Another important observation is that high-resolution depthmat-
ters. Existing panoramic depth estimators often operate at reduced
resolutions because holistic 360◦ processing is computationally
demanding. This creates a gap between the resolution of modern
panoramic cameras and the geometry available to downstream
reconstruction systems. Recent methods addressed this gap by
combining coarse global ERP depth priors with high-resolution
local perspective refinement on gnomonic projections [Shah et al.
2026]. For Gaussian scene construction, this is particularly relevant:
the density, position, anisotropic scale, and visibility of Gaussian
primitives depend directly on the quality and resolution of the un-
derlying geometric support. Low-resolution or naively upsampled
depth tends to blur depth discontinuities, remove thin structures,
and produce unstable Gaussian initialization.

In this paper, we present PanoGS, a pipeline for reconstruct-
ing high-resolution 3D Gaussian Splatting scenes from sparse
panoramic images, using guidance from inferred depth. Rather
than treating the feed-forward depth or Gaussian prediction as the
final representation, we use panoramic vision-foundation-model
outputs as initialization for an explicit reconstruction pipeline.
Given a sparse set of RGB panoramas, PanoGS first estimates
camera poses and low-resolution depth priors using a feed-forward
panoramic reconstruction model. These depth priors are then re-
fined at native ERP resolution using a global-local high-resolution
depth refinement stage. The resulting RGB-D panoramas are fused
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into a Truncated Signed Distance Function (TSDF) geometric sub-
strate, which supplies coherent surface support, normals, visibility
cues, and local scale estimates for initializing anisotropic Gaussian
primitives. The initialized Gaussian scene is then refined using an
ERP-aware optimization strategy. This design keeps the original
panoramic camera model during rendering and optimization, avoid-
ing unnecessary loss of information due to early conversion into
multiple perspective views. To support large scenes and high native
resolutions, the optimization is organized through progressive
levels of detail, appearance warm-start, conservative geometry
refinement, neighbor-based multiview refinement, and shardwise
processing. The final scene can be exported to Gaussian splat
viewers and browser-based inspection tools, enabling interactive
interactive exploration of reconstructed indoor environments. In
summary, we introduce:

(1) A sparse panoramic reconstruction pipeline guided by in-
ferred depths from vision foundation models that converts
a small set of 360◦ RGB images into high-resolution Gauss-
ian Splatting scenes suitable for browser-based interactive
exploration.

(2) A native-resolution depth-to-Gaussian initialization strategy
that uses high-resolution ERP RGB-D panoramas and TSDF
fusion to derive stable surface support, normals, visibility
cues, and anisotropic Gaussian scales.

(3) An ERP-aware Gaussian optimization workflow combining
progressive LODs, appearance warm-start, conservative ge-
ometry updates, neighbor-based multiview refinement, and
shardwise processing for large panoramic scenes.

By combining panoramic foundation models, native-resolution
depth refinement, TSDF-based geometric substrate generation, and
explicit Gaussian optimization, PanoGS aims to bridge the gap
between efficient 360◦ capture and practical web-based 3D scene
exploration, especially in Web3D settings.

2 Related Work
We focus here on the work most closely related to ours and refer
readers to comprehensive surveys for broader context on sparse
panoramic Web3D scene creation [Ai et al. 2025; Bao et al. 2025a;
Chen and Wang 2026; da Silveira et al. 2022; Fei et al. 2025; Pintore
et al. 2026].

Interactive Exploration from Sparse Panoramic Input. Panoramic
3D representations offer efficient full-scene capture for applications
like digital twins and virtual tours [Tukur et al. 2025]. To support
local viewer motion, classic pipelines pair panoramas with inferred
depth maps to synthesize disoccluded regions [Huang et al. 2017;
Tukur et al. 2023; Wei et al. 2018; Zhao et al. 2013], frequently us-
ing end-to-end networks [Pintore et al. 2023; Xu et al. 2021] or
precomputed structures like MSI [Attal et al. 2020], MCI [Waid-
hofer et al. 2022], and stereo-optimized views [Pintore et al. 2024].
Because these representations restrict novel views to small local
volumes, larger translations rely on path interpolation between cap-
ture points [Chen et al. 2023; Li et al. 2022b; Pintore et al. 2025; Song
and Zhang 2025; Zhao et al. 2013]. Generating unified 3D scenes
directly from sparse captures bypasses these navigation constraints.

3D Gaussian Splatting for Interactive Exploration and Panoramic
Rendering. 3D Gaussian Splatting (3DGS) has emerged as a dom-
inant representation for real-time neural rendering due to its ex-
plicit anisotropic primitives and fast rasterization [Bao et al. 2025a;
Chen and Wang 2026; Fei et al. 2025]. To bypass dense capture and
scene-specific optimization, recent sparse feed-forward methods
leverage geometric priors: DepthSplat [Xu et al. 2025] links depth
prediction and Gaussian splatting via mutual supervision, while
AnySplat [Jiang et al. 2025] jointly predicts poses and primitives
using VGGT geometry priors [Wang et al. 2025]. These approaches
demonstrate the importance of geometry priors for Gaussian scene
generation, but they are mainly designed for perspective or general
unstructured image collections rather than native high-resolution
panoramic captures. Panoramic GS has recently attracted attention
because 360◦ sparse capture introduces wide-baseline geometry,
projection distortions, and large image resolutions that are not nat-
urally handled by perspective 3DGS pipelines [Gu et al. 2026]. For
instance, Splatter-360 [Chen et al. 2025] builds a spherical cost vol-
ume with a combined ERP-cubemap encoder; CylinderSplat [Wang
et al. 2026] uses a cylindrical Triplane representation to capture
the unique geometric properties of panoramic images and adhere
to the Manhattan-world assumption; and UniTriSplat[Zhu et al.
2026] reformulates Gaussian splatting on the unit sphere using
HEALPix discretizationx [Gorski et al. 2005] to create a unified
framework for universal cameras. Other recent works address lay-
out guidance, spherical representations, unbounded view synthesis,
seamless omnidirectional splatting, and high-resolution panorama
synthesis [Bai et al. 2025; Bao et al. 2025b; Li et al. 2025; Ren et al.
2025; Shin et al. 2025; Zhang et al. 2025; Zhuang et al. 2026]. Unlike
these generalizable or feed-forward view synthesis methods, our
modular, scene-specific Web3D pipeline transforms sparse panora-
mas into Gaussian scenes through explicit pose/depth initialization,
native-resolution refinement, TSDF geometric substrate genera-
tion, and controllable ERP-aware optimization. TSDF combined
with 3DGS has previously been employed for surface reconstruc-
tion [Lyu et al. 2024; Noda et al. 2026].

3D Reconstruction from Sparse Panoramic Images. Surveys on
omnidirectional vision emphasize the benefits of 360◦ capture,
but also identify persistent challenges like ERP distortions, sparse
viewpoints, limited overlap, and scale ambiguity [Ai et al. 2025;
da Silveira et al. 2022], For indoor modeling, layout, gravity align-
ment, and high-resolution geometry have also key roles [Pintore
et al. 2026]. To recover geometry from sparse captures, clas-
sic/hybrid pipelines (e.g., IM360 [Jung et al. 2025a], EDM [Jung et al.
2025b]) and recent feed-forward models (such as VGGT [Wang
et al. 2025], DUSt3R [Wang et al. 2024], PanoVGGT [Guo et al.
2026], Wid3R [Jung et al. 2026], and MapAnything [Keetha et al.
2026]) leverage learned priors for initial pose, depth, and structural
estimation. While essential for bootstrapping our pipeline, these
methods do not produce high-resolution, web-ready Gaussian
assets. To balance global consistency and local detail in high-
resolution panoramic depth, existing approaches employ projection
fusion (OmniFusion [Li et al. 2022a], 360MonoDepth [Rey-Area
et al. 2022]), regional fusion (HRDFuse [Ai et al. 2023]), regis-
tration [Peng and Zhang 2023], or foundation models [Cao et al.
2025; Lin et al. 2025]. FRED [Shah et al. 2026] specifically refines
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low-resolution priors into native ERP depth via gnomonic local
refinement and seam-robust fusion. Unlike FRED and related
depth-only methods, we treat refined depth as an intermediate
step, fusing it into a TSDF representation [Werner et al. 2014] as a
geometric substrate for Gaussian scene construction. Our pipeline,
therefore, extends beyond depth maps, point clouds, or neural view
synthesis. We use sparse panoramic geometry to provide surface
support, normals, visibility, and local scale estimates for anisotropic
Gaussian initialization—reducing floaters, duplicate structures, and
inconsistent primitive scales during Web3D asset creation.

3 Methods
PanoGS converts a sparse set of high-resolution ERP panoramas
into a renderable 3D Gaussian Splatting scene for web-based in-
teractive exploration. In the following, we first provide a general
overview of the pipeline (Sec. 3.1), and then illustrate the detail of
each of the pipeline steps (Sec. 3.2-Sec. 3.6).

3.1 Pipeline Overview
The input is a set of RGB panoramas,

I = {𝐼𝑘 }𝑁𝑘=1, (1)

together with camera poses and depth maps produced by an up-
stream panoramic reconstruction stage. In our implementation,
PanoVGGT [Guo et al. 2026] provides the initial camera poses and
low-resolution depth priors, while FRED [Shah et al. 2026] refines
these priors at native ERP resolution. PanoGS then converts the
resulting high-resolution RGB-D panoramas into a Gaussian scene

G = {𝐺𝑖 }𝑀𝑖=1, 𝐺𝑖 = (𝝁𝑖 , q𝑖 , s𝑖 , 𝛼𝑖 , c𝑖 ), (2)

where 𝝁𝑖 is the Gaussian center, q𝑖 its orientation, s𝑖 its anisotropic
scale, 𝛼𝑖 its opacity, and c𝑖 its color.

The pipeline follows five stages: panoramic geometry prepa-
ration (Sec. 3.2), native seed generation (Sec. 3.3), guided Gauss-
ian initialization (Sec. 3.4), progressive ERP-aware optimization
(Sec. 3.5), and export to splat-viewer formats (Sec. 3.6). A central
design choice is to preserve the ERP camera model during recon-
struction and optimization, rather than immediately decomposing
each panorama into perspective subviews. This allows PanoGS to
exploit the complete spherical observation while still producing
standard Gaussian assets for interactive inspection.

3.2 Panoramic Geometry Preparation
The upstream reconstruction results are first converted into a canon-
ical scene representation. Each view is stored as an RGB panorama,
a metric depth panorama, and a camera-to-world pose (𝑅𝑘 , t𝑘 ). For
each view k, a generic point x𝑤

𝑘
in camera coordinates is mapped

to the scene frame in world coordinates as

x𝑤
𝑘
= 𝑅𝑘x𝑐𝑘 + t𝑘 . (3)

The scene manifest records, for each view, the RGB path, depth path,
image resolution, pose, depth scale, and camera model. The default
camera model is equirectangular, although the same representation
can also store pinhole intrinsics for perspective-view baselines.

3.3 Native Seed Generation
For an ERP image of width𝑊 and height𝐻 , pixel coordinates (𝑢, 𝑣)
are mapped to longitude and latitude as

𝜆 =
𝑢

𝑊 − 1
2𝜋 − 𝜋, 𝜙 =

𝑣

𝐻 − 1
𝜋 − 𝜋

2
. (4)

The corresponding unit ray is

r(𝑢, 𝑣) =

cos𝜙 cos 𝜆

sin𝜙
cos𝜙 sin 𝜆

 . (5)

For each valid depth sample 𝐷𝑘 (𝑢, 𝑣), PanoGS lifts the pixel into
camera space and then transforms it into world space:

x𝑤
𝑘
(𝑢, 𝑣) = 𝑅𝑘 (𝐷𝑘 (𝑢, 𝑣)r(𝑢, 𝑣)) + t𝑘 . (6)

Only finite depths inside a valid metric range are retained. Each
accepted sample stores its world position, RGB color, source-view
index, estimated normal, local support radius, and initial opacity.
Normals are estimated from local 3D neighborhoods, while support
radii are derived from nearest-neighbor distances. Since native-
resolution panoramas can produce tens of millions of samples,
seeds are written into compressed shards, and a seed manifest
stores the global bounding box, total seed count, shard paths, and
depth/normal-estimation parameters.

3.4 Gaussian Initialization Guided by a
Geometric Substrate

The native RGB-D seeds are converted into optimization-ready
Gaussian primitives. The center and color are initialized directly
from the lifted seed:

𝝁𝑖 = x𝑖 , c𝑖 = c𝑅𝐺𝐵
𝑖 . (7)

The estimated normal n𝑖 defines the local Gaussian frame: PanoGS
computes a quaternion q𝑖 that rotates the canonical 𝑧-axis onto
n𝑖 . The Gaussian is then initialized as a flattened, surface-aligned
primitive rather than an isotropic blob. Given the local support
radius 𝑟𝑖 , the scale is set to

s𝑖 = [𝜂𝑡𝑟𝑖 , 𝜂𝑡𝑟𝑖 , 𝜂𝑛𝑟𝑖 ] , 𝜂𝑛 < 𝜂𝑡 , (8)

where 𝜂𝑡 and 𝜂𝑛 control tangential and normal support. In our
default configuration, the normal scale is smaller than the tangential
scale, encouraging primitives to behave as local surface elements.
Opacity is stored both directly and in logit form to support later
optimization.

PanoGS also builds a geometric substrate from the registered
RGB-D panoramas using TSDF-style fusion. The substrate is not
the final output representation; instead, it provides a consolidated
geometric support for diagnosing and regularizing the Gaussian
scene. This is important because sparse panoramic RGB-D lifting
may create duplicate or inconsistent supports near depth disconti-
nuities, small foreground objects, and weakly observed regions. In
our current implementation, the Gaussian initialization preserves
native per-view samples, while the TSDF substrate is used to ex-
pose misregistration, ghosting, and duplicate structures. Inspired
by recent hybrid implicit-explicit approaches [Hu and Han 2026; Ye
et al. 2025; Zhang et al. 2026], the geometric substrate can also be
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used to weight opacity or penalize off-surface primitives through a
surface-consistency term:

Lscaf = 𝜆Φ

∑︁
𝑖

𝜌
(
|Φ(𝝁𝑖 ) |

)
, (9)

where Φ is the TSDF, 𝜌 is a robust penalty, and 𝜆Φ is a tunable
weight. This term encourages Gaussians to remain close to the
fused surface support and is especially useful for reducing ghosting
around small objects and contact regions.

3.5 Progressive Optimization
The initialized Gaussian shards are organized into a progressive
workspace with three levels of detail: a preview LOD with up to
one million Gaussians, a practical warm-start LOD with up to five
million Gaussians, and a full-native LOD containing all generated
primitives. Sampling is performed proportionally across shards so
that each LOD preserves the distribution of the native seed set.
This design supports both fast preview and high-resolution export,
while avoiding the need to load all native Gaussians during every
optimization stage.

Optimization uses an ERP-aware differentiable renderer. Given
a Gaussian center in world coordinates, PanoGS first transforms it
into the camera frame:

x𝑐𝑖 = 𝑅𝑇
𝑘
(𝝁𝑖 − t𝑘 ). (10)

The normalized direction is then mapped to ERP coordinates
through the inverse spherical projection:

𝑑𝑖 = ∥x𝑐𝑖 ∥, (11)

r𝑖 =
x𝑐𝑖
𝑑𝑖
, (12)

𝜙𝑖 = arcsin(𝑟𝑖,𝑦), (13)
𝜆𝑖 = atan2(𝑟𝑖,𝑧, 𝑟𝑖,𝑥 ), (14)

𝑢𝑖 = (𝜆𝑖 + 𝜋)𝑊 − 1
2𝜋

, (15)

𝑣𝑖 = (𝜙𝑖 + 𝜋/2)𝐻 − 1
𝜋

. (16)

Horizontal coordinates wrap around the panorama seam, while
vertical coordinates are clamped to the valid latitude range. Instead
of assigning each Gaussian to a single pixel, the renderer splats
it over a local soft footprint. The footprint size is proportional to
tangential scale divided by depth, providing differentiable image-
space support and more stable gradients than hard rasterization.

The first optimization stage is an appearance warm-start. Since
the lifted RGB-D geometry is already metrically meaningful,
PanoGS initially keeps geometry fixed and updates appearance-
related parameters, mainly color and opacity. Optional conservative
geometry refinement can then be enabled by allowing Gaussian
centers to move with a reduced learning rate, delayed activation,
and bounded displacement. This prevents photometric gradients
from pulling primitives away from the high-resolution geometric
initialization.

For multiview refinement, PanoGS restricts supervision to
nearby panoramas rather than optimizing every view against every
other view. This neighbor-based strategy is important for sparse
wide-baseline captures, where distant panoramas may share little
valid support and can introduce unstable visibility constraints.

For large scenes, shardwise optimization processes subsets of the
Gaussian scene independently, allowing native-resolution assets to
be refined under GPU memory constraints. Optimized checkpoints
are appended to the workspace as additional LODs, preserving
the raw initialization, warm-start results, and refined variants for
comparison and export.

3.6 Export for Web-Based Exploration
The final stage converts any selected LOD into a packed .splat
asset. Each primitive is stored using a compact layout containing
position, scale, RGBA color, and packed quaternion orientation. This
separates the reconstruction backend from the viewer frontend:
the same workspace can produce raw full-native splats, optimized
practical splats, and additional LODs for interactive inspection. The
exported assets can be loaded in standard Gaussian splat viewers
or integrated into browser-based exploration tools, enabling the
sparse panoramic capture to be inspected as an interactive 3D scene
rather than as a point cloud, mesh, or collection of disconnected
panoramas.

3.7 Web-Based Splat Viewer
For interactive inspection, exported assets can be loaded directly
in lightweight WebGL-based Gaussian splat viewers, avoiding any
dependency on heavier neural rendering frameworks. In our imple-
mentation, we rely on the open-source viewer Antimatter15 [Kwok
2023], which renders 3D Gaussian Splatting scenes in real time
using only standard WebGL primitives, without external dependen-
cies. Since Gaussian primitives can be treated as an extension of
point-based rendering, this allows native-resolution PanoGS scenes
to be displayed efficiently on commodity graphics hardware, in
contrast to implicit neural representations such as NeRFs, which
typically require substantially more compute for comparable inter-
active navigation.

Each primitive is projected to screen space in a vertex shader:
the Gaussian center is transformed by the camera projection ma-
trix, while its scale and orientation are used to derive projected
eigenvectors that define a screen-aligned bounding quadrilateral.
A fragment shader then evaluates the Gaussian falloff within this
quadrilateral, converting distance from the splat center into an
opacity contribution. Since compositing translucent primitives is
order-dependent, correct blending requires depth sorting before
rasterization; the viewer performs this sort asynchronously on the
CPU in a web worker, which keeps the sort decoupled from the
main render loop and supports progressive loading, so that scenes
become visible and navigable before all primitives have finished
loading. This design favors broad compatibility and dependency-
free deployment over the GPU-based sorting strategies used in some
reference implementations, which is well-suited to the lightweight,
browser-based inspection scenario targeted by PanoGS.

4 Results
We evaluate PanoGS as a web-based Gaussian asset generation
pipeline rather than as a benchmark-only novel-view synthesis
model. Recent feed-forward panoramic Gaussian methods obtain
very strong scores on Replica andHM3Dunder their own evaluation
protocols [Chen et al. 2025; Ren et al. 2025; Zhang et al. 2025]; our
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Figure 2: Geometry-to-Gaussian initialization. Starting from a native-resolution ERP depth map, PanoGS lifts valid RGB-D
samples into a world-space seed cloud, estimates local normals and support radii, initializes flattened anisotropic Gaussian
primitives, and uses the fused TSDF geometric substrate as a geometric support for diagnosing and regularizing the resulting
scene.

Figure 3: Progressive Gaussian asset construction. The same scene is shown at the 1Mpreview LOD, the 5M appearance-optimized
LOD, and the full-native LOD. The lower-density levels support rapid inspection and viewer-ready export, while the full-native
level preserves the highest amount of geometry produced by the native RGB-D lifting stage.

current goal is complementary: to assess whether sparse panoramic
pose/depth estimates can be converted into inspectable, multi-
resolution Gaussian assets that run in standard browser-based splat
viewers. We therefore emphasize qualitative exploration frames,
LOD behavior, export statistics, and visible artifact analysis. Quan-
titative image-quality comparisons with specialized panoramic
NVS systems are left for a later version once the constrained re-
finement is fully integrated in all stages. A short video showcas-
ing an example of interactive exploration of one reconstructed
scene can be found at https://drive.google.com/file/d/1oj243hKgK-
gF6oB2wRSqtByCG0BrmIkD/view.

Datasets and setup. We use two indoor panoramic datasets,
Replica360 and HM3D. Replica360 provides controlled synthetic
rooms with dense indoor structure and high-resolution panoramas,
while HM3D contains more diverse and cluttered indoor layouts
with variable overlap and scene complexity. Tab. 1 summarizes
the processed data branch. For all scenes, the pipeline produces
a native seed set, a 1M preview LOD, a 5M practical LOD when
enough seeds are available, and a full-native packed .splat export.
The four scenes used for the qualitative exploration figure are the
same representative scenes reported in Tab. 2.

Qualitative web-based exploration. Fig. 4 shows frames extracted
from browser-based exploration videos for four representative
scenes: two from Replica360 and two from HM3D. The figure inten-
tionally includes both favorable views and difficult regions. Large
surfaces such as walls, ceilings, floors, sofas, beds, and tables are
generally reconstructed as coherent Gaussian support, and the 5M
LOD is usually sufficient for routine web-based inspection. At the
same time, the frames show the main remaining limitations of the
current pipeline: ghosting around small furniture and decorative
objects, duplicate structures near depth discontinuities, and unsta-
ble thin geometry for plants, vases, chair legs, and cluttered table
regions. These artifacts are consistent with the sparse panoramic
setting: depth estimates around object boundaries are less stable,
multiview support is limited, and native per-view seed lifting can
preserve conflicting observations.

Asset statistics and LOD behavior. Tab. 2 and Tab. 3 report rep-
resentative and average asset sizes. The results show that native
panoramic lifting produces several million Gaussians per scene
even for sparse inputs. The full-native exports preserve the dens-
est representation, but they can be heavy for frequent web-based
inspection. The 5M LOD provides a more practical compromise:
it is substantially easier to view and share while preserving most

https://drive.google.com/file/d/1oj243hKgK-gF6oB2wRSqtByCG0BrmIkD/view
https://drive.google.com/file/d/1oj243hKgK-gF6oB2wRSqtByCG0BrmIkD/view
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Table 1: Dataset and configuration summary used in the PanoVGGT-to-Gaussian processing branch. Replica360 is reported for
the processed subset currently available in the workspace; HM3D is reported for the full test directory inventory.

Dataset Scenes Input panoramas Resolution Output LODs Notes

Replica360 8 10 per scene 4096 × 2048 1M, 5M, full native PanoVGGT depth/pose priors; indoor panoramas with dense coverage
HM3D test 423 2–10 per scene 1024 × 512 1M, 5M, full native variable overlap; 333 scene instances contain 10 panoramas

Figure 4: Frames extracted from browser-based exploration of Replica360 example scene. The frames are selected to show both
successful viewpoints and remaining artifacts, including local ghosting, duplicated small objects, and unstable thin structures
around clutter, plants, chairs, and table regions.

dominant surfaces and furniture-scale structures. The 1M LOD is
mainly useful for previewing geometry, checking scene orientation,
and rapidly identifying severe pose or depth failures.

Observed artifacts and diagnostic variants. Tab. 4 summarizes
the behavior of the main asset variants. Raw native seeding pre-
serves detail but also preserves conflicting per-view observations,
so ghosting remains high. Appearance optimization improves vi-
sual coherence and viewer usability, especially at 5M Gaussians,
but it does not fully solve duplicate structures around small objects.
Full-native exports improve completeness but are less practical for
routine browser-based use because of asset size and sorting cost.
Local overlap-first subscenes are currently the most stable configu-
ration for difficult objects because they restrict the reconstruction
to strongly supported regions, at the cost of less global coverage.
These observations motivate the constrained pruning and opacity
weighting discussed in Sec. 3.4.

5 Conclusions
We presented PanoGS, a pipeline guided by an inferred geometric
substrate for converting sparse panoramic indoor captures into
high-resolution Gaussian Splatting assets for web-based 3D explo-
ration. The method addresses challenges caused by limited view-
point overlap, ERP distortions, and depth-scale uncertainty by com-
bining feed-forward panoramic pose/depth initialization, native-
resolution depth refinement, TSDF-based geometric constraints,
surface-aware anisotropic Gaussian initialization, progressive LOD
construction, and ERP-aware optimization. The resulting assets
can be exported to standard browser-compatible .splat viewers,
supporting practical inspection in a lightweight web-based runtime.

Our current results on Replica360 and HM3D show that PanoGS
can produce usable browser-viewable Gaussian scenes from sparse
panoramic inputs, especially for dominant indoor structures and

furniture-scale geometry. The qualitative evaluation also exposes re-
maining limitations: ghosting and duplicate support persist around
small objects, thin structures, and depth discontinuities. These
artifacts motivate the next development step, namely stronger
geometrically-constrained opacity weighting, pruning, and geom-
etry regularization. Overall, PanoGS provides a modular bridge
between sparse panoramic reconstruction and deployable Web3D
Gaussian assets, with explicit control over resolution, LODs, export
size, and viewer behavior.
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