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Abstract. Recently, 3D Gaussian Splatting (3DGS), which succeeded in
perspective image rendering, has been extended to handle the panoramic
image rendering task. However, the performance of the existing meth-
ods in literature is generally limited due to the severe distortions in-
volved in panoramic images. To address this problem, we construct a
distortion map under the panoramic imaging model, where the value of
each pixel reflects its corresponding distortion degree, and accordingly,
we propose a novel Panoramic Gaussian Splatting method by utilizing
this Distortion map, called PaD-GS. The proposed PaD-GS, consisting
of a distortion-aware Gaussian decoding module and a distortion-aware
opacity modulation module, employs a whole-to-partial strategy to im-
pose the distortion map on Gaussian representation learning. Specifically,
the distortion-aware Gaussian decoding module is designed to decode
the ensemble of learnable scene features and the distortion map into a
set of Gaussian representations, so that the intrinsic distortion informa-
tion of the distortion map could be injected into the whole Gaussian
representations. The distortion-aware opacity modulation module is de-
signed to further impose the distortion map by adaptively modulating
the partial attribute (opacity) of each Gaussian representation. Thanks
to the introduced distortion map, the proposed PaD-GS could alleviate
the negative influence of severe distortion involved in panoramic images.
Extensive experimental results on two panoramic datasets demonstrate
that PaD-GS significantly outperforms several state-of-the-art methods
for panoramic image rendering in most cases. The code is available at
https://github.com/CosyXu/PaD-GS.

Keywords: 3D Gaussian Splatting - Panoramic Image Rendering - Dis-
tortion Map

1 Introduction

Novel view rendering for panoramic images is a challenging technique in com-
puter vision, which could be widely applied to various scenarios, such as vir-

* Corresponding author


https://orcid.org/0009-0007-5515-9915
https://orcid.org/0000-0003-4015-1615

2 Y. Xu and Q. Dong

SC-OmniGS [9] Seam360GS

Fig. 1: Visualization results of SC-OmniGS @, Seam360GS , and the proposed
PaD-GS on the 360Roam and Ricoh360 datasets. For each visualization re-
sult of the methods, the sub-figure at the bottom right corner is the enlarged region
corresponding to the highlighted red rectangle of the rendered image.

tual reality , autonomous navigation , and 3D reconstruc-
tion . The existing methods in literature could be roughly divided into

two categories: NeRF (Neural Radiance Fields [22])-based methods and 3DGS
(3D Gaussian Splatting [14])-based methods. Since the NeRF-based methods
for panoramic image rendering generally require time-consuming training and
inference as indicated in , the 3DGS-based methods for panoramic image
rendering have attracted much attention in recent years.

In fact, 3DGS was originally designed for handling the perspective image ren-
dering task . In theory, it could be extended to handle panoramic
images by integrating an equirectangular projection function into the 3DGS ras-
terization pipeline . However, the performance of such a straightforward
extension is generally limited, mainly due to the severe distortions introduced
by the equirectangular projection as verified in . To alleviate this prob-
lem, several recent works @, attempted to handle panoramic distortions by
jointly optimizing camera parameters and Gaussian representations. However,
the distortion problem still haunts these methods, as illustrated in Figure [I]

To address the distortion problem, we construct a distortion map under
the panoramic imaging model, where each pixel encodes its local distortion de-
gree. Based on this Distortion map, we propose a novel Panoramic Gaussian
Splatting method, called PaD-GS, which incorporates distortion information
into the Gaussian representation learning in a whole-to-partial manner. The pro-
posed PaD-GS consists of two modules: a distortion-aware Gaussian decoding
module and a distortion-aware opacity modulation module. The distortion-aware
Gaussian decoding module is designed to leverage the distortion map together
with the learnable scene features to generate Gaussian representations at a whole
level. Then, considering that panoramic distortions vary significantly across the
image, which leads to non-uniform influence on the Gaussian representation
learning, the Gaussians located in highly distorted regions may introduce unre-
liable contributions during opacity accumulation for rendering. To alleviate this
problem, the distortion-aware opacity modulation module is designed to fur-
ther incorporate the distortion map at a partial level, adaptively adjusting each
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Gaussian’s opacity according to its associated distortion degree. By integrating
the distortion map for the whole Gaussian generation and the partial Gaussian
refinement, PaD-GS could effectively endow the Gaussian representations with
the anti-distortion ability for improved panoramic image rendering.

In sum, our main contributions include:

— We introduce the distortion map that is constructed under the panoramic
imaging model. This distortion map could reflect the distortion degrees of
different pixels of a panoramic image effectively. To our best knowledge, this
work is the first attempt to bring the distortion map into Gaussian repre-
sentation learning, which might give some insights into the 3DGS technique.

— We design two modules to impose the distortion map on Gaussian represen-
tation learning, including the distortion-aware Gaussian decoding module for
learning a whole Gaussian representation and the distortion-aware opacity
modulation module for refining the partial attribute (opacity). Accordingly,
the Gaussian representations are endowed with the anti-distortion ability.

— We propose PaD-GS for panoramic image rendering by integrating the above
two modules under a whole-to-partial strategy. Its effectiveness has been
verified by the results in Section

2 Related Work

This section provides reviews on the existing NeRF-based panoramic image ren-
dering methods and 3DGS-based panoramic image rendering methods respec-
tively.

2.1 NeRF-Based Panoramic Image Rendering

In recent years, Neural Radiance Fields (NeRF) [22] have emerged as a popu-
lar technique for novel view rendering, and a number of works have extended
this technique to panoramic images. Huang et al. [10] proposed a geometry-aware
omnidirectional radiance field framework with adaptively assigned local radiance
fields for rendering indoor panoramic roaming scenes. Choi et al. |[4] proposed a
spherical-grid-based NeRF framework for large-scale egocentric panoramic video
reconstruction, which adopted a quasi-uniform spherical parameterization with
balanced angular grids to efficiently model unbounded outdoor scenes. Kulkarni
et al. |15] proposed a semi-supervised NeRF framework for novel view synthesis
from a single panoramic image, which incorporated geometric supervision via
depth reprojection and semantic consistency constraints based on features ex-
tracted from CLIP [24] to progressively guide training. Wang et al. [30] further
proposed PERF, a panoramic NeRF framework trained from a single panorama,
which was guided by Stable Diffusion |25] and a monocular depth estimator to
maintain appearance and geometric consistency.

It is noted that although the above NeRF-based methods could handle the
panoramic image rendering task effectively, both their training and rendering
costs are generally high due to the intrinsic architecture of NeRF.
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2.2 3DGS-Based Panoramic Image Rendering

In comparison to NeRF, 3D Gaussian Splatting (3DGS) [14] has shown its com-
petitive accuracy and much faster speed for panoramic image rendering. For
example, Huang et al. |[11] proposed a projection-optimized 3D Gaussian Splat-
ting framework, which introduced an optimal Gaussian projection strategy, en-
abling improved rendering performance under camera models with large fields
of view (e.g., omnidirectional cameras). Bai et al. [1] proposed a panoramic 3D
Gaussian Splatting framework for panoramic images, which adopted a two-stage
Gaussian projection strategy to model panoramic geometry and further incor-
porated indoor layout priors to enhance performance in texture-less regions of
indoor scenes. Lee et al. [16] further proposed a geometrically grounded omnidi-
rectional Gaussian splatting rasterization pipeline to achieve more effective and
efficient panoramic image rendering. Li et al. [19] proposed an improved omnidi-
rectional Gaussian splatting framework with a GPU-accelerated rasterizer that
splatted 3D Gaussians directly onto the equirectangular image plane, enabling
more straightforward differentiable optimization for panoramic image render-
ing. More recently, Li et al. |18] proposed SPaGS, which combined explicit 3D
Gaussian representations with ray-casting-based rendering and introduced axis-
aligned bounding box computation for panoramic images to facilitate spherical-
geometry-aligned panoramic image rendering. In addition, Huang et al. [9] and
Shin et al. [29] introduced camera-model-aware 3D Gaussian splatting frame-
works that jointly optimized 3D Gaussians and omnidirectional camera param-
eters to handle distortions in panoramic images.

Unlike the above methods that generally focus on optimizing panoramic-
based Gaussian projections or adjusting camera parameters, the proposed method
leverages a constructed distortion map to guide 3D Gaussian learning in a whole-
to-partial manner.

3 Method

In this section, the proposed PaD-GS is introduced in detail. First, the pre-
liminary of the panoramic 3DGS is given. Then, the architecture of PaD-GS is
described. Next, the construction process of the distortion map is explained, and
the two modules in PaD-GS are introduced. Finally, the loss function is given.

3.1 Preliminary: Panoramic 3DGS

3DGS [14] explicitly represents scenes using a set of 3D Gaussian ellipsoids, which
are initialized by the sparse point cloud obtained from existing SfM (Structure-
from-Motion) methods [5H7}20,/23,26L[36]. Each 3D Gaussian, G;, is parameter-
ized by the 3D center position y; € R? and the 3D covariance matrix %; € R3*3
in the world coordinate system as follows:

Gi(z) = e~ 3@ )T @mp), (1)
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Fig. 2: Architecture of PaD-GS. PaD-GS consists of a distortion-aware Gaussian de-
coding module and a distortion-aware opacity modulation module. During training, an-
chors are first initialized from the point cloud obtained via the SfM method , which
are then decoded with the distortion map in the distortion-aware Gaussian decod-
ing module to generate whole 3D Gaussian representations. These Gaussians are then
passed into the distortion-aware opacity modulation module for extended distortion-
aware Gaussian representations with refined opacities. Finally, the resulting Gaussians
are fed into the panoramic 3D Gaussian rasterizer for image rendering.

where Y; is typically decomposed as follows:
Y, = R;S;SI'RT, (2)

where S; € R? denotes a scaling matrix and R; € SO(3) denotes a rotation
matrix. In addition, each 3D Gaussian also includes the opacity o; € (0,1) and
the Spherical Harmonic (SH) coefficients sh; € RY (L denotes the SH degree) to
model its transparency and view-dependent color.

For the rendering of panoramic images, 3D Gaussians are projected onto the
2D equirectangular image plane under the panoramic imaging model. Given the
viewing transformation matrix W and the Jacobian matrix J, the 2D covariance
matrix X/ and the 2D center position p are formed as:

Di=JgwEwrIt, = JW, ®3)

where the Jacobian matrix J is the affine approximation of the panoramic pro-
jection function that maps 3D points to their longitude-latitude coordinates on
the unit sphere, followed by the equirectangular mapping. These projected 2D
Gaussians are then a-blended to compute the final color C(p) for each pixel as
follows:
i—1
Clp) =Y coi [[(1—ay), (4)

1EN j=1
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Fig. 3: Illustration of the distortion map construction. The distortion map is derived
from the panoramic imaging model, combining spherical projection and equirectangular
projection, where each pixel’s value encodes the distortion degree according to its
corresponding polar angle 6.

where N is the set of Gaussians overlapping the pixel, ¢; is the view-dependent
color, and the screen-space opacity «; is defined as:

1 INT s/ —1 /
1y VT 5 !
; = o€ s(y—py)” T (y l“l)’ (5)

where y represents the 2D equirectangular coordinates of the Gaussian.

3.2 Architecture

The architecture of the proposed PaD-GS is shown in Figure 2] PaD-GS takes
panoramic images captured in a same scene as input, consisting of a distortion-
aware Gaussian decoding module and a distortion-aware opacity modulation
module. The two modules are designed to generate and refine Gaussian repre-
sentations respectively by leveraging the constructed distortion map in a whole-
to-partial manner.

At the training stage, the scene is first voxelized from a reconstructed sparse
point cloud obtained by the SfM method [23]. The center of each voxel is ini-
tialized as an anchor, which is equipped with learnable parameters to spawn
3D Gaussians. Then, the initialized anchors together with the distortion map
and relative viewpoint are jointly fed into the distortion-aware Gaussian decod-
ing module, which outputs the corresponding Gaussian representations of each
anchor via three MLPs. Next, the distortion-aware opacity modulation module
leverages the distortion map to further refine these Gaussian representations
and adaptively modulates their opacities according to their distortion degrees,
outputting extended distortion-aware Gaussian representations. Finally, the ex-
tended Gaussian representations are passed into the panoramic 3D Gaussian
rasterizer [19] for image rendering, where the panoramic projection function is
employed for splatting Gaussians onto the panoramic image.

In the following subsections, we detail the construction of the distortion map
and the two modules of PaD-GS.
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3.3 Distortion Map Construction

To explore an effective encoding method for distortions in panoramic images
that can be incorporated into the Gaussian learning process, we construct a
distortion map directly from the panoramic imaging geometry, as illustrated in
Figure [3]

In the panoramic imaging model, a 3D point (z,y,z) € R? defined in the
camera coordinate system is first projected onto a unit sphere centered at the
camera. The corresponding azimuth angle ¢ € [—m, 7] and polar angle 6 €
[—5, 5] are formulated as:

¢ = arctan(y, —x), 6 = arctan (z, Vv + y2) ; (6)

where arctan(-,-) denotes the inverse tangent function. Then, the spherical co-
ordinates (¢, 6) are mapped onto the panoramic image plane via the equirectan-
gular projection, and the corresponding pixel coordinates (u,v) are formulated
as: -
= o+ 7TI/V, v = b+3
27 T

u

H, (7)

where W and H are the image width and height respectively.

Under the spherical parameterization of the unit sphere defined in Equa-
tion @, points with a fixed polar angle 6 lie on a latitude circle of radius cos 6.
A small angular variation (d¢,df) thus corresponds to a spherical patch whose
side lengths are cosfd¢ (along longitude) and df (along latitude). Therefore,
the spherical surface element dAgphere is formulated as:

dAgphere = cos 6 d¢ db. (8)

Then, the corresponding side lengths du and dv on the panoramic image plane
could be obtained from Equation :

H
du = Kd(b, dv = —d#. 9)
2w s

Accordingly, the resulting image area element dAe,, is formulated as:

H
dAerp = dudv = % de df. (10)

Finally, the ratio between the two area elements is computed as:

dAe; H 1
P _ w . . ( 1 1)
dAsphere 2w2  cosf

Thus, the local area distortion introduced by equirectangular projection is
proportional to ﬁ, indicating that larger polar angles correspond to greater
distortions. Based on this geometric property, we normalize the polar angle 6 to
the range [0, 1], where 0 corresponds to § = 0 (no distortion) and 1 corresponds
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to § = +£% (severe distortion), and construct the distortion map 2 € R#*W
according to Equation :

2, 0) =1~ cos?0 =1~ cos?( v~ 7). 12
(u,v) cos cos”( v =5 (12)
It could be noted from Equation that the gray value of each pixel reflects
its corresponding distortion degree.

3.4 Distortion-Aware Gaussian Decoding Module

After obtaining the distortion map, the distortion-aware Gaussian decoding mod-
ule is designed to incorporate distortion information into the generation of each
anchor’s whole Gaussian representations, enabling distortion-aware modeling of
the learned Gaussians. It takes each anchor as input and outputs a set of 3D
Gaussian representations corresponding to the anchor via the MLPs.

First, to learn the scene representation, each anchor V* is associated with a
learnable feature f* € R (which is used to encode local appearance informa-
tion), and a scaling factor I* € R?® along with N learnable offsets { P} € R*}V,
(which are used to spawn a fixed number of Gaussians around the anchor). For
each anchor V* centered at X%, its corresponding coordinate on the panoramic
image plane is computed according to the panoramic imaging model defined in
Equations @ and , and the corresponding distortion degree 2% is then ob-
tained from the distortion map and assigned to the anchor according to Equa-
tion .

Subsequently, the anchor feature f*, together with its distortion degree 2%,
relative distance to the camera center 6* € R, and viewing direction d* € R3,
are fed into three MLPs to decode the Gaussian attributes, including opacities
{oF}N |, colors {cF}N |, and covariances {Z¥}N | (parameterized by scalings
{SFIN | and rotations {R¥}Y ). The process is formulated as:

{O?,Cf, Szka Rf ﬁil = f{opa,col,cov} (fka Qkaékvdk) ; (13)

where Fropa,col,cov} (-) denotes the opacity, color, and covariance MLPs respec-
tively. In addition, the centers of the Gaussian representations {u¥}¥ | are for-
mulated as:

ik = X5 41k PE, (14)

where [*¥ denotes the scaling factor.

Through this distortion-aware decoding process, the distortion degree de-
rived from the distortion map is incorporated into the generation of each an-
chor’s whole Gaussian representations, endowing the learned Gaussians with the
distortion-aware ability during their formation and optimization.

3.5 Distortion-Aware Opacity Modulation Module

Considering that panoramic distortions vary significantly across the image, which
results in the inherently non-uniform influence on the learned Gaussians, Gaus-
sians located in highly distorted regions may introduce unreliable contributions
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for rendering. To alleviate this problem, we design a distortion-aware opacity
modulation module to further refine the Gaussian representations at the partial
level by integrating the distortion information. Specifically, this module adap-
tively adjusts the opacity of each Gaussian according to its distortion degree
to effectively suppress the over-contribution of Gaussians in highly distorted
regions during opacity accumulation. It takes the Gaussian representations gen-
erated by the distortion-aware Gaussian decoding module as input, and outputs
the extended distortion-aware Gaussian representations with refined opacities.
For the modulation of the opacities of Gaussian representations, for regions
with small distortion, the decoded opacity should be preserved as much as pos-
sible to maintain the original representation learned from the whole-attribute-
based Gaussian decoding, while for regions with large distortion, the opacity
should be appropriately suppressed to mitigate the influence of unreliable Gaus-
sians during rendering. Accordingly, the modulated opacity 6F of Gaussian G¥
is then computed as:
oF =of (1 —71-08, (15)

where 7 is a tuning parameter that controls the strength of distortion-aware
modulation. Through this partial adjustment, the 3D Gaussian representations
are endowed with the anti-distortion ability, which could help suppress rendering
artifacts in highly distorted regions while preserving fine details in less distorted
regions.

3.6 Loss Function

The loss function £ of the proposed PaD-GS is defined as a weighted sum of the
Ly loss and the SSIM loss [33], which measures the pixel-level errors between
the rendered and ground-truth images:

L=ANM O =D+ (=AM o (1 —SSIMI D)L, (16)

where [ is the ground-truth image, I is the rendered image, A is a tuning param-
eter, “®” is the Hadamard product, M € RT*W is the distortion-aware weight
map for ensuring that each pixel contributes proportionally to its corresponding
spherical surface area, which is defined as:
T 0
M(u,v :cosﬁzcos(—v—f>7 17
(u,0) - (17)
where 6 denotes the polar angle in the spherical coordinate system correspond-
ing to the pixel (u,v), which can be obtained from the inverse equirectangular
projection in Equation .

4 Experiments

4.1 Datasets and Evaluation Metrics

Datasets As done in [16] and [19], we use the 360Roam dataset [10] and the
Ricoh360 dataset [|4] for evaluation. The 360Roam dataset |10] consists of 11
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Table 1: Comparison on the 11 indoor scenes of the 360Roam dataset . /1
denotes that lower / higher is better. The best results are in bold for each metric.

Seene EgoNeRF [1] OP43DGS ODGS OmniGS SPaGS PaD-GS (Ours)
SSIM{PSNRt LPIPS| SSIM{ PSNR{ LPIPS) SSIMt PSNR1 LPIPS SSIMt PSNR LPIPS| SSIM{ PSNR1 LPIPS| SSIMt PSNRt LPIPS|
Bar 0.663 20.16 0.448 0.750 21.53 0.324 0.702 20.17 0.373 0.783 22.24 0.260 0.767 21.56 0.279 0.808 23.40 0.230
Base 0.652 22.30 0.481 0.766 24.17 0.296 0.716 22.98 0.359 0.797 24.79 0.223 0.783 24.67 0.260 0.823 25.60 0.198
Café 0.730 22,92 0.405 0.806 24.27 0.277 0.763 23.04 0.322 0.829 24.97 0.217 0.821 24.74 0.233 0.845 25.64 0.193

Canteen  0.683 21.22 0.488 0.726 21.77 0.388 0.691 20.71 0.417 0.747 22.20 0.335 0.718 21.55 0.349 0.754 22.84 0.286
Center 0.737 23.49 0.444 0.780 24.37 0.337 0.745 23.50 0.391 0.795 24.89 0.292 0.771 24.32 0.331 0.809 25.69 0.265
Center-1  0.763 23.53 0.446 0.808 25.00 0.335 0.773 23.79 0.391 0.825 25.71 0.287 0.801 25.19 0.332 0.839 26.47 0.260
Corridor  0.808 27.35 0.383 0.813 25.56 0.343 0.774 24.55 0.403 0.807 24.30 0.319 0.833 27.55 0.270 0.832 26.94 0.247
Innovation 0.703 24.23 0.461 0.769 25.24 0.330 0.735 23.20 0.364 0.795 25.68 0.259 0.773 25.29 0.311 0.827 26.79 0.218

Lab 0.816 25.73 0.355 0.869 27.00 0.241 0.839 25.76 0.290 0.888 27.99 0.188 0.872 27.67 0.228 0.902 29.45 0.162
Library 0.686 25.13 0.459 0.721 25.51 0.364 0.689 24.20 0.415 0.741 25.82 0.322 0.710 24.98 0.325 0.748 26.04 0.251
Office 0.731 24.62 0.413 0.759 24.47 0.339 0.689 21.88 0.442 0.781 24.65 0.288 0.819 26.33 0.245 0.846 27.35 0.184

Average 0.725 23.70 0.435 0.779 24.44 0.325 0.738 23.07 0.379 0.799 24.84 0.272 0.788 24.90 0.288 0.821 26.02 0.227

OmniGS SPaGS PaD-GS (Ours) Ground Truth

Fig. 4: Visualization results of OmniGS , SPaGS , and the proposed PaD-GS
on the 360Roam dataset [10].

real-world indoor scenes captured by an omnidirectional camera mounted on a
roaming robot with an original image size 6080 x 3040, and we resize them to
2048 x 1024 for both training and testing following . The Ricoh360 dataset
consists of 12 real-world outdoor scenes captured by rotating the camera in place
along a cross-shaped trajectory, with an original image size 1920 x 960 used for
both training and testing following .

Evaluation Metrics As done in , the structural similarity index
(SSIM) [33], the peak signal-to-noise ratio (PSNR), and the learned perceptual
image patch similarity (LPIPS) metrics are used for evaluation.

4.2 Implementation Details

Our method is implemented in PyTorch and trained on a single NVIDIA RTX
3090 Ti GPU using the Adam optimizer. At the training stage, the model is
trained for 30,000 iterations for each scene on both datasets, and Gaussian den-
sification and pruning are performed every 100 iterations between iterations
1500 and 15,000. It is noted that the bottom part of the images in the 360Roam
dataset is masked during both training and testing for all methods following ,
since the base of the roaming robot is a dynamic object. The voxel size is set to
0.001 for the indoor 360Roam dataset and 0.005 for the outdoor Ricoh360
dataset [4] in anchor initialization. The feature dimension is set to C' = 32, and
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Table 2: Comparison on the 12 outdoor scenes of the Ricoh360 dataset . “O0OM”
denotes an Out-Of-Memory error.

Scene EgoNeRF OP43DGS ODGS OmniGS SPaGS PaD-GS (Ours)
SSIM1 PSNRTLPIPS| SSIMt PSNRT LPIPS| SSIMt PSNRT LPIPS| SSIMt PSNRT LPIPS| SSIMt PSNRT LPIPS| SSIMt PSNRT LPIPS|

Bricks 0.751 23.44 0.269 OOM OOM OOM 0.767 22.61 0.266 0.838 24.52 0.184 0.847 24.77 0.167 0.858 25.25 0.163

Bridge 0.737 23.48 0.295 OOM OOM OOM 0.723 22.06 0.318 0.785 23.82 0.236 0.806 23.98 0.203 0.812 24.11 0.198

Bridge-under 0.793 24.92 0.268 OOM OOM OOM 0.796 24.16 0.253 0.872 26.58 0.151 0.879 26.47 0.135 0.890 26.98 0.124
Cat-tower 0.700 24.28 0.330 0.632 16.81 0.425 0.707 22.86 0.307 0.774 24.82 0.228 0.782 25.08 0.215 0.812 25.75 0.187

Center 0.859 28.54 0.248 0.745 18.89 0.438 0.775 23.04 0.428 0.885 29.14 0.198 0.901 29.48 0.169 0.905 29.94 0.167
Farm 0.664 22.21 0.327 OOM OOM OOM 0.672 21.00 0.317 0.732 22.38 0.251 0.749 22.48 0.227 0.743 22.41 0.232
Flower 0.634 21.82 0.368 OOM OOM OOM 0.618 18.73 0.374 0.727 22.38 0.265 0.734 22.60 0.244 0.739 22.67 0.240

Gallery-chair 0.847 27.77 0.278 0.804 23.63 0.391 0.834 26.08 0.312 0.885 28.35 0.195 0.894 28.59 0.165 0.905 29.26 0.157
Gallery-park 0.775 25.47 0.301 0.735 22.55 0.409 0.749 21.69 0.350 0.821 26.02 0.227 0.831 26.39 0.209 0.851 26.87 0.189
Gallery-pillar 0.846 27.98 0.252 OOM OOM OOM 0.814 22.90 0.305 0.883 28.56 0.194 0.894 29.14 0.177 0.902 29.19 0.175

Garden 0.727 26.86 0.307 OOM OOM OOM 0.734 23.70 0.299 0.795 26.99 0.227 0.806 27.55 0.212 0.823 27.49 0.202
Poster 0.855 26.63 0.265 OOM OOM OOM 0.837 25.04 0.301 0.898 28.40 0.184 0.896 27.83 0.177 0.905 28.58 0.172
Average 0.766 25.28 0.292 - - - 0.752 22.82 0.319 0.825 26.00 0.212 0.835 26.20 0.192 0.845 26.54 0.184

OmniGS PaD-GS (Ours)

Ground Truth

Fig. 5: Visualization results of OmniGS , SPaGS , and the proposed PaD-GS
on the Ricoh360 dataset [4].

the number of Gaussians attached to each anchor is set to N = 10. The tuning
parameters are set to 7 = 0.9 and A = 0.8.

4.3 Comparative Evaluation

Here, we evaluate the proposed PaD-GS on the 360Roam and Ricoh360
datasets in comparison to 5 state-of-the-art methods for panoramic image
rendering, including EgoNeRF , OP43DGS 7 ODGS , OmniGS ,
and SPaGS . The results of all comparative methods are reproduced using
the authors’ publicly released codes.

Results on 360Roam We first evaluate the proposed PaD-GS on the 11 indoor
scenes of the 360Roam dataset in comparison to 5 state-of-the-art methods,
and the corresponding results are reported in Table [1} Four points can be ob-
served from this table: (i) The NeRF-based method EgoNeRF [4] achieves subop-
timal performance on the indoor roaming scenes, mainly because it is originally
designed for egocentric scene reconstruction. (ii) Methods that focus on directly
optimizing panoramic-based Gaussian projections, such as OP43DGS and
ODGS , achieve limited performance on most indoor scenes, indicating that
simply extending Gaussian projection to handle panoramic images is insufficient
to effectively address the distortion effects. (iii) By introducing more accurate
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Table 3: Ablation study of the main components of the proposed PaD-GS on the
360Roam dataset (Bar) and the Ricoh360 dataset [4] (Cat-tower). “DAGD” denotes
the distortion-aware Gaussian decoding module, “DAOM?” denotes the distortion-aware
opacity modulation module, and M denotes the distortion-aware weight map defined

in Equation .

Method 360Roam: Bar Ricoh360: Cat-tower
SSIMt PSNRt LPIPS| SSIMtT PSNRt LPIPS|
Baseline 0.786 22.29 0.257 0.776 24.92 0.226
Baseline + DAGD 0.801 23.13 0.240 0.797 25.36 0.208
Baseline + DAGD + DAOM (w/o. M) 0.804 23.24 0.245 0.808 25.60 0.194
Baseline + DAGD + DAOM (Ours) 0.808 23.40 0.230 0.812 25.75 0.187

Baseline Baseline + DAGD PaD-GS (Ours) Ground Truth

Fig. 6: Visualization results by the main components of the proposed PaD-GS on the
360Roam [10] and Ricoh360 datasets .

Gaussian modeling in panoramic image rendering, OmniGS and SPaGS
achieve relatively better performance across several scenes. However, their im-
provements are still constrained and not consistently optimal under all metrics,
mainly because they rely on local projection adaptation of Gaussian representa-
tions without incorporating the panoramic distortion into the Gaussian learning
process. (iv) The proposed PaD-GS achieves the best performance among all
comparative methods on most scenes as well as in the average results, demon-
strating its effectiveness in handling panoramic image rendering.

In addition, Figure [f] shows two visualization results of the proposed PaD-
GS as well as two comparative methods that perform relatively better than
others, including OmniGS and SPaGS . As seen from this figure, the
local regions in the highlighted red rectangles of the ground-truth images in the
last column are structurally consistent and contain clear texture details, but
the corresponding local regions synthesized by OmniGS and SPaGS suffer from
noticeable blurring and color inconsistencies, as shown in the first and second
columns. In contrast, the proposed PaD-GS not only preserves sharper bound-
aries but also maintains better color consistency with respect to the ground-truth
image, as shown in the third column.

Results on Ricoh360 We also evaluate the proposed PaD-GS on the 12 out-
door scenes of the Ricoh360 dataset , and the corresponding results are re-
ported in Table 2] Two points can also be observed from this table: (i) OP43DGS
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[11] encounters Out-Of-Memory errors on most outdoor scenes. This is because
outdoor panoramic scenes usually involve larger spatial scales and more complex
geometry, which significantly increases memory consumption when iteratively
optimizing its specially designed panoramic Gaussian projection. (ii) The pro-
posed PaD-GS performs better than other comparative methods on most scenes
as well as in the average results, consistent with the results observed on the
360Roam dataset [10]. These results further confirm that PaD-GS could effec-
tively handle panoramic image rendering in both indoor and outdoor scenes.

Additionally, Figure[5]shows another two visualization results of the proposed
PaD-GS as well as OmniGS [19] and SPaGS [18]. From the highlighted regions,
it can be observed that the ground-truth images (Column 4) exhibit consistent
structures. In comparison, OmniGS and SPaGS (Columns 1 and 2) tend to pro-
duce rendering results with softened edges and disrupted structural continuity,
especially in highly distorted outdoor regions. In contrast, PaD-GS (Column 3)
produces more faithful geometric structures consistent with the ground-truth
image, even under severe panoramic distortions. Please see the supplemental
material for more comparative evaluation.

4.4 Ablation Studies

To verify the effectiveness of each key element in the proposed PaD-GS, we
conduct ablation studies on the 360Roam dataset [10] (Bar) and the Ricoh360
dataset [4] (Cat-tower). The proposed PaD-GS consists of two modules, includ-
ing the distortion-aware Gaussian decoding (denoted as “DAGD”) module and
the distortion-aware opacity modulation (denoted as “DAOM”) module. Here,
the panoramic 3DGS [19] serves as the baseline, and we evaluate the proposed
PaD-GS by adding the DAGD module and the DAOM module to the baseline
respectively. In addition, we further evaluate PaD-GS without the distortion-
aware weight map M defined in Equation to verify its effectiveness. The
corresponding results are reported in Table [3]

As seen from this table, four points can be revealed: (i) The results reported
in Rows 1 and 2 show that introducing the DAGD module consistently improves
the rendering performance on both datasets, demonstrating that incorporating
the distortion map into the whole Gaussian generation helps the model better
adapt to panoramic distortion. (ii) The results reported in Rows 2 and 4 show
that further introducing the DAOM module brings additional improvements,
indicating that using the distortion map to guide partial Gaussian attribute
refinement helps produce more reliable Gaussian opacity during rendering. (iii)
The results reported in Rows 3 and 4 show that incorporating the distortion-
aware weight map M leads to performance improvement, suggesting that M
helps guide the distortion-aware learning process by assigning different weights
to regions with varying distortion degrees. (iv) The proposed PaD-GS achieves
the best performance by incorporating both modules and the distortion-aware
weight map, demonstrating its effectiveness.

To further verify the effectiveness of the designed modules in PaD-GS, several
visualization results are given in Figure[6] As seen from this figure, the baseline



14 Y. Xu and Q. Dong

Table 4: Comparison of the average training time (in hours) and rendering speed (in
FPS) of the comparative methods on the 360Roam [10| and Ricoh360 [4] datasets.

Method 360Roam Ricoh360
Training time (h) FPS Training time (h) FPS
EgoNeRF [4] 4.72 0.05 5.38 0.04
OP43DGS [11] 2.32 30.24 — -
ODGS |[16] 1.40 21.32 1.69 18.44
OmniGS[19] 0.68 62.73 0.82 53.21
SPaGS 18] 0.43 83.11 0.55 78.89
PaD-GS (Ours) 1.35 29.87 1.66 23.12

model produces obvious artifacts for slender structures (e.g., chair legs and tree
trunks), especially in highly distorted regions. The proposed DAGD module
improves the structural consistency of these objects by incorporating distortion
information into the whole Gaussian decoding process. The full PaD-GS further
exhibits sharper edges and clearer structural details with the introduction of the
DAOM module, which refines Gaussian attributes at the partial level to endow
them with the anti-distortion ability. Please see the supplemental material for
more ablation studies.

4.5 Efficiency Comparison and Limitation

Here, we report the average training time in GPU hours and rendering speed
in FPS (frames-per-second) of PaD-GS and 5 comparative methods on the
360Roam [10] and Ricoh360 [4] datasets in Table 4| Four points can be seen
from this table: (i) EgoNeRF [4] exhibits the longest training time and slowest
rendering speed, due to the inherent inefficiency of its ray-casting-based render-
ing pipeline. (i) OP43DGS [11] and ODGS |[16] are relatively time-consuming
in both training and rendering, mainly because these methods introduce re-
dundant Gaussian presentations to compensate for panoramic distortions. (iii)
OmniGS [19] and SPaGS [18] exhibit shorter training time and faster render-
ing speed, mainly because they adopt more efficient Gaussian projection and
image rendering strategies. (iv) Our full PaD-GS shows moderate performance
in both training and rendering efficiency, exhibiting a clear gap compared to
OmniGS [19] and SPaGS [18|, mainly because the MLP-based Gaussian genera-
tion introduces additional computational overhead during training and inference.
However, when combining the results in Tables [I] and [2] with this table, it can
be observed that PaD-GS achieves an effective balance among training time,
rendering speed, and accuracy. It would be one of our future works to further
reduce the computational complexity while maintaining high performance.

5 Conclusion

In this paper, we propose PaD-GS, a novel panoramic Gaussian Splatting method
that leverages a distortion map constructed under the panoramic imaging model
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to reflect each pixel’s distortion degree. The proposed PaD-GS employs a whole-
to-partial strategy to impose the distortion map on Gaussian representation
learning. To integrate distortion information at the whole level, we design a
distortion-aware Gaussian decoding module that decodes the learnable scene
features together with the distortion map into a set of Gaussian representations.
Furthermore, to refine the partial Gaussian attribute at the spatial level for
anti-distortion, we design a distortion-aware opacity modulation module that
adaptively modulates the opacity of each Gaussian according to its associated
distortion degree. By incorporating distortion information into both whole and
partial Gaussian learning, the proposed PaD-GS could effectively alleviate the
negative influence of severe panoramic distortions. Experimental results on two
panoramic datasets demonstrate the effectiveness of the proposed PaD-GS.
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