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Figure 1. We introduce Self-Calibrating Gaussian Splatting, a differentiable rasterization pipeline with a hybrid lens distortion field that
can produce high-quality novel view synthesis results from uncalibrated wide-angle photographs. (a) Existing methods such as Fisheye-
GS [45] fail to accurately handle complex lens distortions due to the traditional parametric distortion model. (b) Our method accurately
models large distortions, especially in the peripheral regions, utilizing the entire highly distorted raw images for reconstruction. (d) Our
method (bottom) provides extensive coverage, whereas conventional pipelines (top) can only recover the center.

Abstract

Large field-of-view (FOV) cameras can simplify and ac-
celerate scene capture because they provide complete cov-
erage with fewer views. However, existing reconstruction
pipelines fail to take full advantage of large-FOV input
data because they convert input views to perspective im-
ages, resulting in stretching that prevents the use of the
full image. Additionally, they calibrate lenses using mod-
els that do not accurately fit real fisheye lenses in the pe-
riphery. We present a new reconstruction pipeline based
on Gaussian Splatting that uses a flexible lens model and
supports fields of view approaching 180 degrees. We rep-
resent lens distortion with a hybrid neural field based on
an Invertible ResNet and use a cubemap to render wide-
FOV images while retaining the efficiency of the Gaussian
Splatting pipeline. Our system jointly optimizes lens dis-
tortion, camera intrinsics, camera poses, and scene repre-
sentations using a loss measured directly against the orig-

inal input pixels. We present extensive experiments on
both synthetic and real-world scenes, demonstrating that
our model accurately fits real-world fisheye lenses and that
our end-to-end self-calibration approach provides higher-
quality reconstructions than existing methods. More de-
tails and videos can be found at the project page: https:
//denghilbert.github.io/self-cali/.

1. Introduction

Large field-of-view (FOV) lenses, such as fisheye lenses,
are widely used in robotics [19], virtual reality [39], and
autonomous driving [18] because they capture scenes with
fewer images, enabling efficient data acquisition for recon-
struction and novel view synthesis (NVS)[46]. However,
most modern 3D reconstruction systems based on Neu-
ral Radiance Fields (NeRFs)[48] and Gaussian Splatting
(3DGS) [38] cannot be directly applied to this type of in-
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put because they rely on perspective projection. As a re-
sult, fisheye images are typically re-projected into linear
perspective images, and the resulting non-uniform sampling
and stretching pose challenges for accurate camera calibra-
tion and scene reconstruction from wide-angle imagery.

Traditionally, imaging systems are pre-calibrated using
specialized setups, such as calibration checkerboards. Dur-
ing calibration, polynomial distortion models [8, 56] are
estimated and then used to re-project raw fisheye images
into perspective ones for scene reconstruction. There are
three important problems with this practice. First, resam-
pling wide-field images leads to severe stretching and non-
uniform sampling, as shown in Fig. 2a, where perspective
images exhibit far less uniform sampling of directions than
fisheyes. Second, traditional parametric distortion mod-
els lack sufficient expressiveness to accurately model large
FOV (e.g., 180◦) lenses. Third, pre-calibration prevents lens
parameters from being optimized end-to-end along with re-
construction, meaning the final reconstruction does not fully
minimize the reconstruction loss.

To avoid the separate pre-calibration stage, recent
works [36, 45, 49] integrate distortion modeling [13, 14, 52,
61] and optimization into NeRF and 3DGS. However, even
when using photometric loss to refine distortion parameters
alongside reconstruction, these approaches still exhibit sig-
nificant misalignment in peripheral regions due to their re-
liance on traditional distortion models and single-plane pro-
jection. Both issues constrain the ability of current recon-
struction methods to represent wide-FOV optical systems.

In this work, we introduce Self-Calibrating Gaussian
Splatting, a differentiable rasterization pipeline that jointly
optimizes lens distortion, camera intrinsics, camera poses,
and scene representations using 3D Gaussians. Our ap-
proach effectively addresses the three aforementioned chal-
lenges, achieving high-quality reconstruction from large-
FOV images without requiring resampling, pre-calibration,
or polynomial distortion models.

To improve lens modeling, we replace the conventional
parametric distortion model with a novel hybrid neural field
that balances expressiveness and computational efficiency,
as illustrated in Fig. 3. Our method uses invertible resid-
ual networks [6] to predict displacements on a normalized
sparse grid, followed by bilinear interpolation to generate a
continuous distortion field.

To mitigate the stretching caused by resampling to a
single-plane perspective, we use cubemap sampling as in
[15] (Fig. 2b), which significantly reduces stretching and
yields a more uniform pixel density, even in peripheral ar-
eas. Gaussians project into each limited-FOV face of the
cubemap with bounded distortion.

Finally, our method combines lens calibration with bun-
dle adjustment and scene reconstruction into an integrated
end-to-end self-calibration process that minimizes the ren-

(a) Conventional Paradigm (b) Ours

Figure 2. Conventional Paradigm vs. Our Method. (a) Con-
ventional approaches require reprojecting the image into perspec-
tive views compatible with 3DGS rasterization. As the field of
view increases, pixel stretching becomes progressively severe, sig-
nificantly compromising the quality of the reconstruction. (b) In
contrast, our cubemap resampling strategy maintains a consistent
pixel density across the entire field of view. This approach, com-
bined with our hybrid distortion field, utilizes the peripheral re-
gions (the annular area outside the blue box) without severe dis-
tortion or pixel stretching. Moreover, our method can handle fields
of view up to 180°, as demonstrated by the green box, allowing for
comprehensive and accurate reconstructions.

dering loss over all unknowns jointly, leading to lower re-
construction errors compared to pre-calibration of distortion
and/or camera pose.

To validate our method, we conduct extensive exper-
iments on both synthetic datasets and real-world scenes,
including the FisheyeNeRF datasets [36], our own real-
world captured scenes, and a synthetic dataset. Our sys-
tem effectively calibrates extrinsics, intrinsics, and lens dis-
tortion, achieving better reconstruction performance com-
pared to existing methods using uncalibrated fisheye cam-
eras. Importantly, our system is not constrained to a sin-
gle fisheye camera model; rather, it is designed to be flex-
ible and adaptable, accommodating a wide range of cam-
eras, from perspective to extreme fisheye, without requiring
pre-calibration. This flexibility enables our method to fully
leverage the unique capabilities of available lenses, ensur-
ing comprehensive scene coverage and high-quality recon-
structions.

2. Related Work
Camera Modeling and Lens Distortion. Lens distortion
is an inherent property of all cameras. In general, nonlinear
distortion can be formulated as:

xd = K ·D (π (R · X + t)) , (1)

where K and [R|t] represent the intrinsic and extrinsic pa-
rameters, respectively. X is a 3D point in world coordinates.
π(·) denotes the pinhole projection, including dehomoge-
nization to obtain 2D points xn on the image plane. The
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distortion model D(r(xn)) is parameterized as a polyno-
mial function of the radial distance:

D(r(xn)) = 1 + k1r
2 + k2r

4 + k3r
6 + . . . (2)

where k1, k2, k3, . . . are the parameters of the
Brown–Conrady model [9, 16], derived from calibration,
and r =

√
x2
n + y2n. Early works [17, 24] propose to use

panoramic lenses to model fisheye distortion but are lim-
ited by the spherical representation. Scaramuzza et al. [55]
first proposed a unified model for large-FOV fisheye lenses,
which has been adopted in several works[10, 41]. The most
widely used fisheye model [34] describes distortion as a
function of the angular distance from the projection center:

D(r(xn)) =
θ

r

(
1 + k1θ

2 + k2θ
4 + k3θ

6 + . . .
)
, (3)

where θ = arctan
(
r
1

)
, and the distances of projected points

to the image plane are normalized to 1. The 3D Gaus-
sian Splatting method [38] assumes a standard perfect pin-
hole camera model and typically relies on COLMAP [56]
to undistort images before reconstruction. To remove this
constraint, recent methods [45, 49] adopt parametric mod-
els like Eq. (3) to extend 3D Gaussian Splatting techniques
to fisheye images. However, these methods still depend
heavily on camera calibration for accurate estimation and
fix the projection in rasterization, limiting their general-
izability to various camera types. Some works [49] in-
troduce ray tracing into the rasterization pipeline and ap-
proximate Gaussian bounding using an icosahedron, which
can potentially compromise rasterization efficiency. Other
approaches [3, 33, 44] explore reconstruction from omni-
directional 360° panoramas, but the key difference is that
panoramas require calibration to stitch two fisheye images
together, which does not preserve raw geometric consis-
tency at the stitching boundary. We address these limita-
tions by introducing a hybrid distortion field that is compat-
ible with the 3D Gaussian Splatting pipeline. Our experi-
ments demonstrate that existing methods, such as Fisheye-
GS [45] and ADOP [54], which incorporate traditional cam-
era distortion models from Eqs. (2) and (3) into the rasteri-
zation process, are not expressive enough to handle the se-
vere distortions present in large-FOV cameras.
Self-Calibrating Reconstruction. The bundle adjustment
process can be extended to optimize camera lens parameters
alongside poses, a process known as self-calibration [21,
31, 53, 62]. Camera calibration without a known calibra-
tion target is particularly challenging, as it relies on strong
assumptions about scene structure and geometric priors to
establish reliable correspondences [2, 5, 12]. Camera auto-
calibration methods [21, 53, 62] extend this idea by deriv-
ing camera intrinsics from multi-view observations of un-
structured scenes, an approach further advanced in recent
studies [20, 22, 23, 29]. Several non-parametric models

have been developed to ensure broad applicability across
different camera and lens combinations [11, 26, 30, 43],
while additional regularization is often required to main-
tain smooth underlying distortion [51]. With advances in
differentiable rendering and rasterization pipelines [40, 60],
recent works [36, 54, 58] have demonstrated that cam-
era lens distortion can be optimized jointly with other pa-
rameters through a differentiable projection module. Prior
works have also adapted NeRF for panoramic and fisheye-
distorted inputs [28, 32, 42, 59]. These solutions typically
rely on parametric models tailored for specific lenses, lim-
iting their generalizability to a broader range of lens types.
SCNeRF [36] models a residual projection matrix and resid-
ual raxel parameters [27], which are interpolated on a sub-
sampled pixel grid. NeuroLens [58] optimizes lens pa-
rameters through an invertible neural network, while SC-
OmniGS [33] optimizes camera parameters jointly with re-
construction but relies on calibrated captures. Building on
insights from prior self-calibration methods, this work in-
troduces a novel and efficient approach to modeling lens
distortion, fully integrated with 3DGS [38].

3. Method
Given uncalibrated wide-angle captures, we aim to develop
an algorithm that produces high-quality reconstructions us-
ing 3D Gaussians. Our method is designed to be robust
against severe distortion in the peripheral regions of im-
ages and various wide-angle lens effects. First, we extend
Gaussian Splatting to support a broader range of camera
models, including fisheye lenses, as discussed in Sec. 3.2.
To model lens distortion, we introduce a hybrid distortion
field, enabling our approach to generalize across diverse
real-world scenarios involving cameras with varying dis-
tortions. Second, we replace the traditional single-plane
projection in 3DGS with a cubemap representation and in-
troduce a distance-sorting strategy accordingly, as detailed
in Sec. 3.3. Finally, we derive an efficient optimization for
camera parameters, supporting self-calibration with distor-
tion, as described in Sec. 3.4.

3.1. Background of Gaussian Splatting

A 3D Gaussian G(x) = e−(x−µi)
TΣ−1

i (x−µi) is parame-
terized by center µi ∈ R3, covariance Σi, opacity σi, and
color Ci, represented using spherical harmonics. The 3D
Gaussians are projected [63] into µ2D

i = P(µi,Θ) and
Σ2D = JT

PΣJP , where JP ∈ R3×2 is the affine approx-
imation of the projection P at point µi, parameterized by
Θ. For a pixel location u, the RGB color is produced with
alpha blending [40, 60]:

Î(u) =

|G|∑
i=1

Ciαi

∏
j∈N<i(G)

(1− αj), (4)
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Figure 3. Overview of Our Method. In contrast to the explicit
distortion vector field illustrated in the upper row, our hybrid ap-
proach maintains computational efficiency by leveraging explicit
control points. Additionally, the regularization provided by the in-
vertible neural field effectively balances the trade-off between the
expressiveness and smoothness of the distortion field.

where N (G) is an ordered index of Gaussians sorted by
depth, and αi depends on σi, Σ2D

i , and µ2D
i . Finally, this

set of 3D Gaussians is optimized using the L1 loss and D-
SSIM [4] loss, along with adaptive control [38].

3.2. Lens Distortion Modeling
In this section, we extend the Gaussian Splatting technique
to accommodate a broader class of camera lenses, includ-
ing fisheye and wide-angle cameras, by modeling lens dis-
tortion. Lens distortion is typically captured by a distortion
function defined in camera coordinates. A distortion func-
tion Dθ : R2 → R2 parameterized by θ maps pixel locations
from a rectified image to locations in a distorted image. Ide-
ally, the mapping Dθ should be: 1) expressive enough to
model various lens distortions, 2) well-regularized so that
it can be optimized together with the 3D scene, and 3)
efficient, ensuring that it does not add significant compu-
tational overhead. While existing methods have explored
using parametric camera models, grid-based methods, and
deep-learning methods, none of these approaches perfectly
satisfy all three criteria.
Grid-based method. The simplest way to implement a
generic camera model is to explicitly optimize for the dis-
tortion in a grid of pixel coordinates and apply bilinear in-
terpolation to extract a continuous distortion field:

Dθ(x) = x + interp(x, θ), (5)

where the optimizable parameters θ ∈ RH×W×2 define
an H × W grid storing 2D vectors representing the dis-
tortion. The bilinear interpolation function is given by
interp(x, θ) = W (x, θ) · θ, where W (x, θ) ∈ RH×W

represents the bilinear interpolation weights at location x.
Such a grid-based method is both expressive and efficient,
as W (x, θ) is sparse, and increasing the grid resolution al-
lows for modeling more complex functions. However, the

grid-based method lacks the smoothness required to model
lens distortion properly, leading to overfitting and subopti-
mal solutions (Fig. 3 Top).
Invertible Residual Networks. An alternative way to
model distortion is by using a neural network with an ap-
propriate inductive bias. NeuroLens [58] proposes using an
invertible ResNet [6] to represent non-linear lens distortions
as a diffeomorphism. Specifically, the deformation map-
ping is modeled by a residual network:

Dθ(x) = FL ◦ · · · ◦ F1(x), Fi(z) = z + f
(i)
θi

(z), (6)

where f (i)
θi

is a neural block parameterized by θi with a Lip-

schitz constant bounded by 1 (i.e., |f (i)
θ (x) − f

(i)
θ (y)| <

|x − y| for all x, y, and θ). f
(i)
θi

represents a residual
block with four linear layers. L denotes the total number of
blocks, which is 5 in our case, and the circle denotes func-
tion composition. Such constraints make the network in-
vertible, and its inverse can be obtained using a fixed-point
algorithm [6]. In the supplementary, we also provide addi-
tional comparisons between iResNet and a regular ResNet.

While an invertible ResNet offers both expressiveness
(i.e., the ability to model various lenses) and regulariza-
tion, it is computationally prohibitive to apply it directly
to 3DGS. To backpropagate gradients to the alpha-blending
weights αi when rendering an image in Eq. (4), the compu-
tational graph for the backward passes of Dθ must be main-
tained for each Gaussian. This is infeasible due to the large
number of 3D Gaussians in a single scene, often reaching
millions and leading to out-of-memory errors. This lim-
itation motivates us to develop a more efficient solution
that leverages the inherent inductive bias of the invertible
ResNet while maintaining computational efficiency.
Hybrid Distortion Field. Given that the grid-based method
is efficient yet tends to overfit, while the invertible ResNet
has an appropriate inductive bias but is not efficient, we pro-
pose a hybrid method that combines the advantages of both.
Specifically, we use the invertible ResNet to predict the flow
field on a sparse grid and apply bilinear interpolation to each
projected 2D Gaussian:

Dθ(x) = x + interp(x,Rθ(Pc)− Pc), (7)

where Pc ∈ RH×W×2 is a sparse grid of fixed control points
(pixel locations, where H ×W represents the resolution of
control points rather than image resolution), and Rθ is an
invertible ResNet parameterized by θ.

Unlike existing hybrid neural fields [50], where networks
are applied after grid interpolation, our approach uses iRes-
Net to predict displacement vectors on a sparse grid, with
bilinear interpolation applied to produce a continuous dis-
placement field, as shown at the bottom of Fig. 3. The ad-
vantage of this architecture is that we only need to compute
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the expensive forward and backward ResNet mappings for
locations at Pc, which scales with the grid resolution and is
independent of the number of Gaussians in the scene. The
additional operation required for each Gaussian is interp(·),
which is computationally affordable and parallelizable.

3.3. Cubemap for Large FOV

In order to apply our method to cameras with larger FOV,
we extend the single-planar perspective projection to a
cubemap projection [37, 57]. Mathematically, single-planar
projection requires upsampling in the peripheral regions,
and the sampling rate increases drastically as the FOV ap-
proaches 180◦. In contrast, rendering with a cubemap main-
tains a relatively uniform pixel density from the image cen-
ter to the edges, making it ideal for wide-angle rendering.
Single-Planar Projection. Given the parameters estimated
from SfM [56], the parametric model is then applied to re-
project the raw image into perspective images, as shown in
the blue box in Fig. 2a. These reprojected images are then
used for reconstruction through perspective-based pipelines
like NeRF [48] or 3D Gaussian Splatting (3DGS) [38].
However, this process stretches the pixels in the peripheral
regions, and the effect becomes more pronounced when the
images are reprojected to larger FOV perspectives, as shown
in the orange box. More specifically, the stretching rate of
each pixel is defined by the inverse of Eq. (3), which ex-
hibits a trend similar to tan(r), where r is the FOV angle
from the center of the raw image. When the FOV of the re-
projected image is 110◦ (as in the blue example), the upsam-
pling rate from the blue circle to the box is approximately
1.4. However, when the FOV increases to 170◦, as in the
orange example, this rate increases to 11.4, inevitably sac-
rificing a significant amount of high-frequency information
for reconstruction.

Moreover, to preserve central details, the resolution of
undistorted images needs to be higher, as the pixel density
at the center of the raw image should ideally match that of
perspective ones. For example, when undistorting a fisheye
image in Fig. 2a, the resulting perspective image in the or-
ange region would have an extremely high resolution, mak-
ing it computationally expensive to render. A common so-
lution is to crop away the periphery, following COLMAP’s
solution [56], but this strategy contradicts our intention of
using a fisheye camera to capture wide-angle information.
Multi-Planar Projections. Inspired by the representa-
tion of environment maps using cubemaps [25] and hemi-
cube [15] in computer graphics, we propose representing
extreme wide-angle renderings with cubemap projections,
each covering 90◦ FOV and oriented orthogonally to one
another, as illustrated in Fig. 2b. By resampling across the
cubemap faces, we can render perspective or distorted im-
ages with FOVs even larger than 180◦. Fast rasterization is
first applied to obtain each face of the cubemap. For each

rendered pixel, we look up its corresponding position in the
constructed cubemap. Our hybrid distortion field then re-
samples from the lookup table to achieve the distorted ren-
dering. In practice, it is not necessary to render all faces of
the cubemap at once, as the number of cubemap faces may
vary for different FOV camera lenses.

The resampling step involves only a simple coordinate
transformation along with our hybrid field distortion. The
distance from the shared camera center to each plane is nor-
malized to 1. To render a pixel outside the 90◦ FOV at
(x, y,−1) where x > 1 and |y| < 1, for instance, the pixel
on the right face can be obtained as (−1

x , y
x ,−1) in camera

coordinates, looking toward the right side. When consid-
ering lens distortion, the sampling mapping is distorted ac-
cording to Eq. (7), altering the lookup on the right face to
(−1
x′ ,

y′

x′ ,−1), where (x′, y′) = Dθ(x, y). By doing so, the
entire distortion field can be directly applied to the cubemap
for large FOV rendering. The entire resampling process is
fully differentiable, making it directly applicable in our hy-
brid distortion field as a plug-and-play module.
Gaussian Sorting. 3DGS [38] constructs an ordered set
N (G) of Gaussians before alpha blending [38]. Gaussians
are sorted based on their orthogonal projection distance to
the image plane. This approach is valid as long as a sin-
gle Gaussian is not projected onto multiple faces. How-
ever, with the cubemap representation, Gaussians can span
the boundary between two faces, leading to multiple projec-
tions with inconsistent ordering across faces. This discrep-
ancy introduces intensity discontinuities at the boundaries.
To address this issue, we replace the original sorting strat-
egy with a distance-based approach, ordering Gaussians by
their distance from the camera center. This ensures that the
rasterization order remains consistent across all cubemap
faces, thereby alleviating intensity discontinuities. Due to
the affine approximation used in [38, 63], the 2D covari-
ance of Gaussians near cubemap face boundaries still has
a slight influence on the final rendering, which we further
discuss in Sec. 5 and the supplementary material.

3.4. Optimization of Camera Parameters
Our pipeline differentiates all camera parameters. We the-
oretically derive the gradient for all camera parameters, in-
cluding extrinsics and intrinsics, making the camera module
completely differentiable and capable of being optimized
alongside distortion modeling. All gradient calculations are
implemented with a native CUDA kernel. A comprehen-
sive mathematical derivation and experimental results are
provided in the supplementary.

4. Experiments
In this section, we first briefly introduce our data prepara-
tion pipeline in Sec. 4.1. We compare our method against
various baselines for scene reconstruction with large-FOV
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Method
Chairs Cube Flowers Globe Heart Rock

SSIM PSNR LPIPS SSIM PSNR LPIPS SSIM PSNR LPIPS SSIM PSNR LPIPS SSIM PSNR LPIPS SSIM PSNR LPIPS

3DGS-perspective [38] 0.431 14.06 0.547 0.507 15.21 0.533 0.281 12.91 0.609 0.502 15.09 0.530 0.505 15.19 0.549 0.297 12.70 0.595
3DGS-COLMAP [38] 0.583 18.28 0.290 0.637 21.64 0.296 0.443 18.09 0.379 0.580 19.63 0.327 0.660 20.87 0.282 0.511 20.24 0.280

Adop-GS [54] 0.829 22.59 0.200 0.755 22.12 0.289 0.646 19.96 0.314 0.758 21.35 0.294 0.741 21.37 0.306 0.726 22.48 0.254
Fisheye-GS [45] 0.785 21.68 0.110 0.754 23.29 0.166 0.615 20.23 0.214 0.728 22.11 0.160 0.722 21.37 0.218 0.697 22.38 0.177

Ours 0.832 23.45 0.106 0.786 24.63 0.162 0.693 22.01 0.172 0.790 23.63 0.126 0.775 23.42 0.195 0.787 24.88 0.145

Table 1. Quantitative Evaluation on the FisheyeNeRF Dataset [36]. We evaluate our method on a challenging real-world benchmark.
Our method consistently outperforms existing baselines. Additional qualitative results are shown in Fig. 4.

Adop-GS Fisheye-GS Ours Ground-Truth

29.5 dB 28.5 dB 28.4 dB 27.1 dB 31.2 dB 29.4 dB

Figure 4. Qualitative Comparisons with Baselines on the FisheyeNeRF Dataset [36]. The images show comparisons across different
scenes using two baselines (e.g., ADOP-GS [54] and Fisheye-GS [45]) and our method. PSNRs are computed for each patch.

input (Sec. 4.2 and Sec. 4.3), followed by ablation studies
for both the neural distortion model and the cubemap pro-
jection in Sec. 4.4.

4.1. Data Acquisition
We customized a camera module in the Mitsuba ray
tracer [35] to incorporate fisheye camera parameters derived
from the open-source Lensfun database [1]. Using a 180◦

fisheye camera, we rendered three scenes from [7]. We gen-
erated a training set with both perspective and fisheye views
for baselines and our method, respectively. Additionally,
we captured several real-world datasets using different un-
calibrated cameras to evaluate our method. These datasets
consist of casual walk-around video footage captured using
a camera with an approximate 150◦ FOV. Furthermore, we
tested our method on the existing FisheyeNeRF benchmark
dataset [36], which contains fisheye images with an FOV of
approximately 120◦.

4.2. Comparisons to Traditional Lens Models
We first validate that our hybrid field representation models
large-FOV cameras better than traditional polynomial dis-
tortion models [8, 56]. Using the FisheyeNeRF dataset [36],

we compare our method against four baselines. The first
baseline is Vanilla 3DGS [38], which only uses a perspec-
tive camera model. Second, we directly apply the polyno-
mial distortion model estimated by COLMAP [56] to 2D
Gaussians after the rasterization of 3DGS [38]. Third, we
evaluate Fisheye-GS [45], which modifies the projection of
Gaussians to a specific fisheye parametric model. Finally,
we re-implemented ADOP [54] using an omnidirectional
camera model as the fourth baseline.

We report quantitative results in Tab. 1, and our method
consistently outperforms all baselines. We also show novel-
viewpoint renderings in Fig. 4. Baseline methods such as
ADOP [54] and Fisheye-GS [45] tend to produce more ar-
tifacts in the corners of the test views, whereas our method
reconstructs finer details.

To evaluate how our method performs with increas-
ing FOV, we conducted an additional experiment on two
datasets with different camera FOVs: real-world scenes
captured with 150◦ cameras and a synthetic dataset with
a 180◦ FOV. As the FOV approaches 180◦, as shown
in Fig. 5, our method successfully handles peripheral re-
gions, whereas Fisheye-GS [45] fails, producing spiky
Gaussians in the surroundings and introducing artifacts at
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(a) Fisheye-GS (b) Ours (c) GT (d) Fisheye-GS (e) Ours (f) GT

Figure 5. Qualitative Comparisons with Fisheye-GS [45]. To validate our hybrid distortion modeling, we further compare our method
with Fisheye-GS [45] on larger FOV scenes, including real-world captures using 150◦ cameras (a–c) and simulations using a 180◦ camera
(d–f) in Mitsuba [35]. Our method successfully recovers details in peripheral regions, whereas Fisheye-GS [45] struggles.

Figure 6. Qualitative Results of Different Distortions. We show renderings in both distorted and perspective views. We also visualize
the distortion field after optimization. Notably, our method can figure out a combination of radial and tangential distortions for T-Rex.

the center that blur the rendering. The quantitative evalua-
tion of Fig. 5 can be found in the supplementary material.

Our method can also be applied to different types of lens
distortion. We introduce radial and tangential distortions
to images in the LLFF dataset [47], using camera param-
eters derived from the Lensfun database [1]. By applying
these parameters, we generate a combination of distortions,
as demonstrated in the T-Rex scene. We optimize our model
using these distorted images and obtain the distortion map
learned by our lens model. Fig. 6 shows that our method ac-
curately recovers various types of camera distortion without
manual calibration or access to the physical camera.

4.3. Large FOV Reconstruction with Few Captures

By enabling the use of large-FOV views, our method
can reconstruct scenes with fewer images than would be
needed for narrower perspective views. We evaluate our
method on 150◦ real-world captures and 180◦ synthetic
scenes. For real-world scenes, we follow the conventional
paradigm of using COLMAP to first resample the images
to perspective—including peripheral cropping performed
by COLMAP [56]—before reconstruction. For synthetic
scenes, we can flexibly modify the camera model and ren-
der images with a regular 90◦ FOV as input for 3DGS [38].
Since our method supports perspective rendering after train-
ing, we compare it against the baseline using a set of per-
spective hold-out cameras for a fair evaluation. Quantitative
evaluation is conducted only on synthetic data, as obtaining

Method Num SSIM PSNR LPIPS

3DGS [38] 200 0.654 19.08 0.332

Ours

100 0.800 29.01 0.231
50 0.735 26.26 0.267
25 0.709 24.59 0.292
10 0.615 22.77 0.356

Table 2. Evaluation on Mitsuba Scenes. We compare our method
with Vanilla 3DGS [38] to demonstrate the advantages of using
wide-angle cameras over regular-FOV cameras. The testing views
are rendered in perspective. Our method achieves better perfor-
mance and coverage, even with fewer captures.

ground truth perspective images for real-world captures is
not feasible.

We report quantitative results in Tab. 2, where our
method outperforms the baseline even with far fewer in-
put views, down to 10-15%. The trajectories of Room 1
and Garden are similar, both focusing inward, while Room
2 and Studio involve a walk-around motion covering the
entire space. As a result, we observe large incomplete re-
gions in the first row of Fig. 7 for the baseline, whereas
our method achieves complete reconstruction. The walk-
around scenes shown in the last row of Fig. 7 exhibit notice-
able artifacts and floating elements, primarily due to small-
FOV captures or cropping in COLMAP. These experiments
demonstrate the efficiency of our approach compared to
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(a) 3DGS w/ COLMAP (b) Ours (c) 3DGS w/ Regular Camera (d) Ours

Figure 7. Qualitative Comparison of Reconstruction Coverage. We evaluate our method on real-world scenes where (a) 3DGS [38]
relies on an SfM method like COLMAP [56], which crops the highly distorted periphery when the FOV is large. (b) Our method recovers
a wider region with fewer artifacts at the center. We also visualize reconstructions using panorama views of both (c) 3DGS [38] and (d)
our method. 3DGS [38] only supports perspective inputs captured with regular-FOV cameras, whereas our method can be directly applied
to 180◦ inputs, demonstrating better coverage even with fewer training views, as shown in Tab. 2.

Explicit Grid iResNet PSNR SSIM LPIPS

✗ ✓ Out-of-Memory
✗ ✗ 14.19 0.421 0.561
✓ ✗ 19.79 0.569 0.309
✓ ✓ 23.67 0.777 0.151

Table 3. Ablations of Hybrid Field. We conduct ablation
studies on our full method, including an explicit grid initialized
with COLMAP’s traditional polynomial distortion parameters, to
demonstrate the necessity of adopting a hybrid neural distortion
field representation in FisheyeNeRF [36].

regular-FOV cameras, achieving high-quality reconstruc-
tion with significantly fewer captures, as shown in Tab. 2.

4.4. Ablation Studies
Hybrid Field. To verify the effectiveness of each module
in our hybrid field, we isolate individual components (ei-
ther iResNet or the explicit grid) and evaluate their perfor-
mance separately. We report quantitative results in Tab. 3
on FisheyeNeRF [36] scenes, showing that neither module
alone achieves optimal performance compared to our full
method. To test the grid alone, we use an explicit grid of
learnable displacement vectors. This strategy provides only
a slight improvement, primarily because the optimization
of the explicit grid is prone to overfitting and can become
trapped in local minima. We visualize the difference be-
tween the explicit grid and our hybrid field distortion flow
in Fig. 3. We cannot report results for iResNet without the
grid, as explained in the last paragraph of Invertible Resid-
ual Networks in Sec. 3.2. Our full method (iResNet + con-
trol grid) achieves the best performance by combining the
expressiveness of iResNet with the computational efficiency

Projection PSNR SSIM LPIPS

Single Plane 24.10 0.676 0.312
Cubemap 29.01 0.792 0.253

Table 4. Ablation of Cubemap. We evaluate single-plane and
cubemap projections using the same hybrid field on Mitsuba
scenes, where the FOV is close to 180◦, causing significant degra-
dation in the single-plane projection.

of the explicit grid. This ablation verifies the necessity of
our hybrid representation for modeling distortion.

Cubemap Resampling. To validate the necessity of cube-
map resampling for wide-FOV reconstruction, we com-
pare results obtained using our hybrid distortion field with
single-plane projection versus cubemap resampling. We
evaluate the performance of these two methods in the Mit-
suba synthetic scenes. As presented in Tab. 4, using cube-
map projections produces significantly better results when
reconstructing images captured by 180◦ fisheye lenses. Ad-
ditional qualitative comparisons between single-plane and
cubemap projections are provided in the supplementary.

5. Discussions

This paper presents a method for optimizing 3D Gaus-
sian representations while self-calibrating camera parame-
ters and lens distortion. Our approach enables the use of
large field-of-view captures to achieve efficient and high-
quality reconstruction without cumbersome pre-calibration.
Even with fewer input captures, our method maintains com-
prehensive scene coverage and reconstruction quality.
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