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Figure 1. Teaser — Using dual-fisheye imagery—common in 360° cameras—we can recover 3D scenes far more effectively than with
traditional perspective cameras, resulting in substantial gains in novel view synthesis (left: perspective vs. fisheye). However, 360° training
images often include distracting elements, especially the camera operator, which can degrade reconstruction quality if left unaddressed
(right: 3DGRT). Our method, FullCircle, overcomes these challenges, enabling fast, high-quality scene capture using 360° cameras.

Abstract

Radiance fields have emerged as powerful tools for 3D
scene reconstruction. However, casual capture remains
challenging due to the narrow field of view of perspective
cameras, which limits viewpoint coverage and feature cor-
respondences necessary for reliable camera calibration and
reconstruction. While commercially available 360° cam-
eras offer significantly broader coverage than perspective
cameras for the same capture effort, existing 360° recon-
struction methods require special capture protocols and
pre-processing steps that undermine the promise of radi-
ance fields: effortless workflows to capture and reconstruct
3D scenes. We propose a practical pipeline for reconstruct-
ing 3D scenes directly from raw 360° camera captures.
Our pipeline requires no special capture protocols or pre-
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processing, and exhibits robustness to a prevalent source of
reconstruction errors: the human operator that is visible in
all 360° imagery. To facilitate evaluation, we introduce a
multi-tiered dataset of scenes captured as raw dual-fisheye
images, establishing a benchmark for robust casual 360°
reconstruction. Our method significantly outperforms not
only vanilla 3DGS for 360° cameras but also robust per-
spective baselines when perspective cameras are simulated
from the same capture, demonstrating the advantages of
360° capture for casual reconstruction.

1. Introduction

Recent advances in radiance fields [18, 31] have turned
3D reconstruction from a tech demo into practical tools
for real-world capture (e.g. deployed products include Ni-
antic’s Scaniverse, Polycam’s 3D scanner, KIRI’s Engine,
and Meta’s HyperScapes). Scenes reconstructed with ra-
diance fields are not only photorealistic, but also fast to



train/render [18, 33], robust to outliers [28, 54], and scal-
able to large environments [26, 45]. This surge of progress
has led to growing efforts in dataset capture for building li-
braries of 3D reconstructed scenes [8, 51] and objects [35].

Despite the focused effort on building such 3D recon-
structable datasets, most capture pipelines rely on perspec-
tive cameras (smartphones or DSLRs). While these are con-
venient for small-scale casual captures, they are fundamen-
tally inefficient for large-scale 3D dataset collection. This is
because each image provides a narrow field of view, requir-
ing dense trajectories and redundant coverage — approxi-
mately 10x to 30x images depending on desired resolution
— to achieve sufficient multi-view overlap. In contrast, 360°
cameras can observe the entire scene from a single view-
point, providing an order-of-magnitude increase in cover-
age with the same capture effort. For data-hungry methods
like 3DGS, this richer coverage provides stronger multi-
view constraints for camera calibration and denser obser-
vations, leading to more stable radiance field optimization.

Towards this promise, recent works have adapted the
3DGS rasterization workflow to handle distorted projec-
tions from equirectangular or fisheye inputs [23, 25, 42, 53].
However, a key unresolved challenge is ensuring robustness
when working with “real” human-captured 360° scenes.
Because 360° cameras are all-seeing, they inevitably in-
clude the human capturer (i.e. the camera operator) and
their shadow, as well as other potential transient distrac-
tors [38]. Unless carefully handled, this results in severe
noisy artifacts in the reconstructed geometry; see Figure 1.
As a result, robust and scalable 360° 3D reconstruction
pipelines remain elusive.

We introduce a robust 360° capture and reconstruction
pipeline that effectively addresses these challenges. Our
pipeline removes the human capturer, while maintaining
consistent scene geometry and appearance. We demon-
strate that, with identical capture trajectories and compared
to perspective cameras, 360° cameras yield: (i) significantly
higher reconstruction quality, and (ii) more reliable camera
calibration. The advantage is especially pronounced for out-
of-distribution novel views (i.e. rendered far from the train-
ing trajectory). To show the effectiveness of our method, we
collect 9 diverse 360° scenes covering a wide range of con-
ditions (indoor/outdoor, lighting, distractor density), and a
dedicated test-set that is free of distractors. We evaluate
our approach against both perspective-based and 360° ro-
bust 3DGS baselines. Our results show that our method
enables high-quality and robust 3D reconstruction directly
from casual 360° captures. Our collected dataset provides
a focused testbed for robust 360° reconstruction, and our
pipeline, both of which we will release publicly, enables
scalable 360° data capture for large-scale dataset creation.

2. Related Work

We first briefly review related work on multi-view 3D re-
construction with radiance fields then discuss recent works
that focus on non-pinhole (fisheye, 360) cameras. We also
discuss works that consider distractors in the scene.

Radiance fields. Multi-view 3D reconstruction has been
completely reshaped since the introduction of Neural
Radiance Fields (NeRF) [31] and 3D Gaussian Splat-
ting (3DGS) [18]. Both of these methods model radiance
fields, from which then images are rendered through vol-
ume rendering. NeRFs model the radiance field as a neural
field [11], while 3DGS methods use explicit 3D Gaussians
which are rasterized into a desired view efficiently. Since
the introduction of 3DGS, it has been quickly preferred over
NeRFs, due to its much faster inference, and explicit nature.
Various methods have been proposed to extend NeRFs and
3DGS, including those that enhance efficiency [22, 32], ro-
bustness to transient distractors [28, 54], initialization [19],
and even extending to dynamic scenes [27, 50]. In terms
of camera compatibility, original 3D Gaussian Splatting
is restricted to perspective cameras due to its rasterization
pipeline, whereas NeRF is more flexible thanks to its ray-
tracing formulation. However, NeRF models for fisheye
cameras remain prohibitively slow in practice.

Non-pinhole cameras and 3DGS. While NeRF-based
methods exist [3, 5, 14, 21], here we focus on 3DGS-based
methods [1, 23, 24, 49] capable to optimize radiance fields
from datasets consisting of fisheye and 360 images.

Several works [15, 44, 48, 55] undistort 360° images
into cubemap faces for reconstruction and depth estimation.
Others [1, 23, 24, 49] adapt the 3DGS rasterization to spher-
ical images by approximating 360° projection with mod-
ified perspective rasterization. Conversely, 3D-Gaussian
Ray Tracing (3DGRT) [53] introduces a ray-tracing formu-
lation for Gaussian primitives, enabling accurate rendering
for non-pinhole cameras such as fisheye and 360°.

The Gaussian Unscented Transform (3DGUT) by Li
et al. [25] further extends this by introducing unscented
transformations, so to properly rasterize 3D Gaussians
when lens distortion is present, bringing the ability to not
just train, but also render the model without loss of fi-
delity. Finally, Seam360GS [42] performs seam-aware and
exposure-aware 360-degree Gaussian splatting to remove
stitching artifacts and photometric inconsistencies in real-
world omnidirectional captures. While the primary focus of
these methods is to improve the quality of reconstructions,
they assume ideal distraction-free captures. With 360 cam-
eras, this is clearly never the case, as in casual captures the
person holding the camera is unavoidably in view.

Reconstructing with distractors. Unless in a controlled
environment, reconstruction with NeRFs and 3DGS must
account for distractors. In the wild, even if carefully hid-
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Figure 2. Stitching artifacts — Stitched equirectangular inputs
contain stitching artifacts (top left) that lead to noisy edges and
reduced PSNR in the reconstruction (bottom left). Our method,
trained on raw fisheye images, avoids these artifacts (right).

ing behind the camera, the capturer can occasionally cast
shadows within the scene, or photograph another person
unexpectedly appearing within the frame while attempt-
ing to capture a static scene. Robustness to transient dis-
tractors and illumination changes has been explored in
NeRFs [2, 28, 38]; NeRF-W’s per-view embedding was
later extended to 3DGS [7, 9, 16, 52], alongside distractor-
removal methods [54] inspired by RobustNeRF [38]. In our
work, we are interested more in the case specific to the 360
capture setup, where the distractor is the capturer, a highly
practical and common scenario for 360 cameras. By fo-
cusing on this particular scenario, we are able to tailor our
solution to build a more robust pipeline.

Dataset collection efforts. Radiance-field reconstruction
datasets range from controlled captures like ScanNet++ [8],
designed for accurate calibration and reconstruction, to ca-
sual datasets using handheld perspective videos [12, 37,
38, 43].  Existing 360° datasets such as ODIN [47],
EgoNeRF [5], 360Roam [14], and FIORD [13] employ con-
trolled capture setups or provide pre-stitched panoramas.
To our knowledge, no public dataset offers casual, hand-
held 360° captures from dual-fisheye cameras; we therefore
collect one across diverse scenes to facilitate analysis and
benchmarking of reconstruction from casual 360 captures.

3. Method

Narrow field of view capture imposes multiple constraints,
which the user needs to respect to acquire high-quality input
data for training radiance fields [10] For example, according
to the COLMAP tutorial [39]: (i) texture-less images (e.g.
a white wall) should be avoided, as well as (ii) specularities
introduced by shiny surfaces, (iii) images should be taken
so to ensure high visual overlap, with each object observed
in at least three views, and (iv) enough images should be
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Figure 3. Boundary masking — Black boundary pixels con-
taminate the reconstruction when unmasked (left), while minimal
masking leaves blue artifacts from edge distortion and color aber-
ration (middle); our dilated mask prevents these artifacts (right).

taken from a relatively similar viewpoint, and yet near du-
plicates and pure camera rotations should be avoided (i.e.,
take a few steps after each photograph is taken). Clearly,
such constraints are impractical for casual users. In con-
trast, professional reconstruction tools (e.g. Meta Horizon
Hyperscape [29, 30]), often incorporate AR-based guid-
ance systems that actively assist users in maintaining cover-
age, overlap, and scene diversity during capture.

Data capture. In contrast to a traditional radiance field
capture and reconstruction process, which depends on thou-
sands of manually placed perspective photographs, our cap-
ture pipeline is built on a casual video capture from a 360°
camera. In order for the process to be employed at scale
by non-expert users, our pipeline must not require any te-
dious, methodical camera placement, and must be robust to
a variety of behaviors from the person performing the cap-
ture, including cases where the capturer does not actively
cover all viewing directions, as well as extended periods
where they may remain stationary, such as while capturing
close-up images of a small area of interest in high details.
These requirements present unique challenges in the context
of 360° capture, as “the capturer” will be visible at all times,
and must be removed from the final scene reconstruction.

Dataset. To evaluate our technique for casual capture, we
capture a dataset of 9 scenes with a single consumer-grade
Insta360 X4 360° (dual-fisheye) camera, readily available
through mainstream retail channels, to reflect its widespread
adoption among casual users. During these captures, we
emulate non-expert capturers behaviors, including both pe-
riods of motion where the person actively moves around the
scene, as well as periods where the person remains static,
and only moves the camera. For statistics on the lengths
of these captures, including the static and dynamic parts, as
well as other details, please refer to Table 1. For the pur-
pose of quantitative evaluation, we also capture a golden test
set of images for each scene using a tripod, where no peo-
ple are visible, and the visible parts of the tripod are masked
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Figure 4. Capturer mask estimation — Our masking pipeline first detects the capturer using YOLOVS [17] and SAMv2 [34] (red masks).
These initial masks roughly localize the capturer but include missing or incorrect regions that can degrade reconstruction. We then re-
center the omni images on the detected capturer, render synthetic fisheyes, and re-run SAMv2 with a center-point prompt to obtain refined,
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temporally consistent masks (purple masks), which are mapped back to the original dual-fisheye inputs.

out. This enables unbiased measurement of the novel view
quality from views which are not sampled from the training
trajectory, and which include areas that were occluded by
the capturer during the video.

Raw fisheye input. The manufacturer-provided software
with the 360° camera by default outputs stitched omni-
directional/panorama images in equirectangular projection;
see Fig. 2-(left). However, using these stitched images di-
rectly for training is problematic due to the inevitable opti-
cal misalignment between the two original fisheye views in
consumer cameras. This misalignment results in artifacts
around the stitching boundary, and thus results in lower
quality reconstructions when used as ground truth; see Fig-
ure 2. Instead, we extract the original (un-stitched) fish-
eye frames, and use these as input to training. While these
frames do not show any artifacts from stitching, they do
show distortion and chromatic aberration effects around the
outer boundary of the camera’s field of view. We mask out
these pixels with a boundary mask M g, before continuing
to camera estimation and reconstruction; see Figure 3.

3.1. Capturer mask estimation

Because the training views include the person holding the
camera during capture, we generate masks to remove the
person before proceeding to reconstruction. Rather than
treating the presence of the capturer as a nuisance, we take
advantage of this consistency and propose a simple, robust
masking strategy that leverages the fact that the capturer ap-
pears in all views, and moves continuously through time.
This stands in contrast to previous perspective-robust meth-
ods that rely on analyzing photometric error during recon-
struction to infer masks [20, 38, 54]. To identify pixels
belonging to the capturer, we employ a two-stage masking
process. First, we estimate the approximate location of the
person, and then we generate a synthetic fisheye view cen-
tered on them which is used to robustly estimate the final
mask. The entire process illustrated in Fig. 4.

This capture procedure mirrors an expert capture session, which re-
quires much longer capture time, and deliberate choices during capture

Finding the capturer. We start by extracting a set of 16
overlapping virtual 90° pinhole camera views that cover the
sphere. Independently for each of these frames, a mask is
predicted using SAMvV2 [34] at the location of the capturer
in the frame predicted by YOLOvS8 [17] with a “person”
prompt. An approximate global direction for the capturer is
then obtained as the average direction of every pixel in each
pinhole frame, which was classified as part of the capturer.
Synthetic 180° fisheye frames centered on this direction are
then generated from the omni-directional images.

Segmenting capturer (through time). After synthesizing
fisheye images such that the capturer remains centered, we
can automatically prompt SAMv2 [34] by selecting the im-
age center as the prompt location. This setup allows us to
exploit temporal consistency, as mask propagation through
time becomes robust when the capturer stays near the im-
age center. We further leverage the observation that auto-
stitching artifacts, though detrimental to 3DGS reconstruc-
tion, remain largely tolerable for pre-trained video segmen-
tation models like SAMv2 [34]. To account for uncertain-
ties in the segmenter predictions, we also dilate the pre-
dicted final masks by a negligible amount (4 pixels). Af-
ter intermediate conversions between omnidirectional, syn-
thetic fisheye, and cubemap representations, the final cap-
turer masks are propagated back to the original fisheye
domain, with all RGB data preserved in their raw form
throughout the process. We refer to capturer masks as M.

Handling shadows. In addition to parts of the scene di-
rectly occluded by the capturer, secondary effects caused
by the capturer can also introduce noise into the reconstruc-
tion. The most prominent of these is the capturer’s shadow,
which can significantly affect reconstruction quality if not
properly masked. Since video segmentation models such as
SAMV2 typically do not account for secondary effects like
shadows, we design an auxiliary method to explicitly handle
them. We assume no hard lighting conditions that produce

This procedure relies on the person detector correctly localizing the
capturer in at least a few frames, with minimal false positives, and on the
capturer being the only human distractor present in most frames.
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Figure 5. Synthetic fisheye — Without re-centering the fisheye
images synthetically, SAMv2 [34] misses the capturer in some
frames, resulting in a noisy reconstruction.

long cast shadows. To this end, we define a luminance-
based mask M7, where each pixel is activated if the pre-
dicted RGB luminance exceeds that of the corresponding
ground-truth image; such that My = Z(Ly.q > Lg),
where 7 is the indicator function. Here, L* denotes the
perceptual lightness component of the pixels in the image
in the CIELAB color space, computed from sRGB values
via the standard RGB—XYZ—Lab conversion [6]. Apply-
ing M7, globally across the entire image could suppress not
only capturer’s cast shadows but also specular highlights or
view-dependent brightness variations. To avoid this, we re-
strict shadow removal to the vicinity of the capturer by inter-
secting M 1, with a dilated capturer mask Me, yielding the
localized shadow mask M L=MpA Mc. The final mask
is then obtained as the logical union of all components, de-
noting invalid regions: Mgpy = MgV Me V M;.

3.2. Training the radiance field

After having masked input fisheye images, we continue
with a mostly standard 3DGS training process. We estimate
camera poses with COLMAP [40, 41], using raw front and
back fisheye images, and generate a SfM point cloud to ini-
tialize 3DGS training. The composed masks are used in
both steps to avoid failures due to the presence of the cap-
turer in the training images; see Sec. 4.1 and Tab. 1. Classi-
cal 3DGS training undistorts fisheye images with COLMAP
before training. Conversely, we build upon 3D Gaussian
Ray Tracing (3DGRT) [53], which is capable to render non-
pinhole images, and instead use the masked fisheye frames
for training. Importantly, we show that using raw fisheye
images with 3DGRT achieves higher reconstruction qual-
ity compared to training a 3DGS model on undistorted im-
ages, due to its higher coverage; see Fig. 7. The 3DGRT
model is trained on all views from the camera trajectory
which were successfully estimated by COLMAP, with the
separately captured tripod views used as a test set.

4. Experiments

We first show the effectiveness of dual-fisheye capture com-
pared to conventional perspective capture under similar
camera trajectories (Sec. 4.1). We show that 360° cameras
are inherently more suitable for casual scene acquisition due

Table 1. We collect a dataset of dual-fisheye scene captures with
different levels of difficulty. We report the number of frames where
the capturer is static/dynamic, and the number of COLMAP pose
failures (w/ and w/o transient masks as MCF and UCF). The full
image set is released to support future work on robust calibration.

Scene #training  #test #total #MCF #UCF duration difficulty

Room 1 442/117 38 597 - 88s/23s Easy

Flat 1 440/ 153 46 639 - 88s/31s Easy

Flat 2 434 /107 26 567 - 87s/21s Easy

Room2 252/ 82 28 362 - 50s/ 16s Easy
1

Room3  257/100 30 387 51s/20s Medium

Lab 431/116 34 581 - 86s/23s Medium
Lounge 4137120 22 555 555 83s/24s Medium
Persons 448 /129 34 611 110 611 90s / 26s Hard
Shadow ~ 434/113 35 582 - - 87s/23s Hard

to their wider coverage and consequently easier camera cali-
bration. Next, we discuss why undistorting 360° images be-
fore reconstruction is suboptimal, showing using raw fish-
eye inputs yields higher-fidelity reconstructions (Sec. 4.2).
We then show that, when operating directly on raw fish-
eye images, our method effectively suppresses the distractor
capturer and reconstructs high-quality scenes, outperform-
ing baselines designed for fisheye inputs (Sec. 4.3). Finally,
we ablate our pipeline design in (Sec. 4.4).

Implementation details. Our implementation is based on
3DGRT [53], trained with the Adam optimizer and default
learning rates for 30k iterations. 3DGS perspective base-
lines follow their official implementations, and NeRF base-
lines use the Nerfacto [46] model, with robust extensions
and different camera models integrated. Camera calibration
(for both fisheye and undistorted fisheye) and image undis-
tortion are performed using COLMAP v3.12 [40, 41]. Un-
less otherwise specified, we use images downsampled by a
factor of 4x for faster processing and reduced memory us-
age. Human detection is done with YOLOVS8s [17], and seg-
mentation with mask propagation in SAMv2.1 [34] (large
hierarchical backbone) model. The capturer’s mask is di-
lated by 80 pixels to get Me.

4.1. Dual-fisheye vs. perspective — Fig. 6

One of our main claims is that dual-fisheye cameras provide
a more suitable setup for casual data capture than conven-
tional perspective cameras for 3D reconstruction. To illus-
trate this, we conduct a controlled experiment comparing
camera calibration as well as reconstruction quality between
fisheye and perspective imagery. The images are captured
along identical camera trajectories to emulate two compa-
rable 80-second casual video captures by a non-expert user.

Data. We collect a dataset of 191 dual-fisheye images cor-
responding to approximately 80 seconds of casual, hand-
held capture using a dual-fisheye camera. However, the
camera is operated like a classical perspective camera, al-
ways directed toward scene structures of interest (there are
no human distractors in the front fisheye view). To ensure
perfectly consistent exposure and color balance between
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Figure 6. Dual-fisheye vs. perspective capture — Using dual-fisheye images for both calibration and reconstruction (@x—@X) yields
higher-quality novel views and stable geometry than when reconstruction (@X—(@), or both calibration and reconstruction ((@-(&), relies
on perspective images. This advantage becomes most apparent when moving beyond the in-distribution training trajectory (purple cameras)

toward out-of-distribution test views (

fisheye and perspective settings, we do not perform a sep-
arate perspective capture; instead, in this controlled exper-
iment, we use undistorted images from the front fisheye to
simulate perspective views.

Evaluation variants. We evaluate three different settings:

* (@X—@Xx): both calibration and reconstruction are per-
formed directly on the raw dual-fisheye images using
COLMAP followed by our robust reconstruction pipeline,
with no undistortion preprocessing.

* (@X—[@): camera calibration is performed on the raw
dual-fisheye images, but reconstruction uses only the
undistorted perspective images from the front camera.

* ((@-(9): calibration and reconstruction are performed on
the front camera’s undistorted perspective images.

Metrics. We assess both calibration and reconstruction
quality through novel view synthesis performance, report-
ing PSNR on full-resolution images of 2880 x 2880 as a
quantitative image quality metric. We assess the reconstruc-
tion quality at novel views, outside the distribution of train-
ing camera views. We report PSNR, SSIM and LPIPS.

Analysis. As shown in Fig. 6, all three pipelines produce
high-quality reconstructions near the training trajectory, but
performance diverges as the viewpoint moves toward out-
of-distribution test views. The (@X—@X) pipeline main-
tains stable quality across this trajectory, while (@X—(&)
and ((@-(@) degrade significantly. Notably, (@x—(&) con-
sistently outperforms ((@-(8), even though the same set
of undistorted perspective images is used for reconstruc-
tion. This indicates that calibration performed on raw dual-

camera), where (@X—(@) and ((&- (&) exhibit a gradual degradation in reconstruction quality.

fisheye images is more accurate and has a direct impact
on 3D reconstruction robustness. Overall, this experiments
confirms that, if we were able to remove the capturer from
input images, fisheye images are significantly more effec-
tive than perspective images in reconstructing scenes with
high fidelity (better calibration, and better scene coverage).
We now, therefore, shift our focus to dual-fisheye data.

4.2. Reconstruction via undistortion - Fig. 7

While performing capture and calibration in the dual-
fisheye domain offers the benefits shown in the previous
section, reconstruction from such images can be approached
in different ways. A common strategy is to first undistort
the front and back fisheye views and then perform recon-
struction on the resulting perspective images. This conve-
niently enables the use of robust perspective-based meth-
ods [37, 54] designed to handle distractors. To highlight
the advantages of reconstructing directly from dual-fisheye
inputs, we compare our pipeline, which is trained on raw
fisheye images from our dataset, against perspective base-
lines trained on undistorted front and back views. We fur-
ther evaluate the robustness of these perspective baselines
in the presence of the capturer, compared to our method.

Dataset. Due to the lack of publicly available dual-fisheye
datasets captured casually with the human capturer visi-
ble, we collected our own dataset of nine scenes (eight
indoor and one outdoor) spanning a range of reconstruc-
tion difficulties. Detailed statistics are provided in Ta-
ble 1. The videos are recorded at 5 FPS and a resolu-
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Method Robust ‘ Room1 Flatl Flat2 Room2 Room3 Lab Lounge Persons Shadow ‘ Mean
3DGS [18] X 26.8 243 233 25.7 239 24.6 20.6 247 24.1 242
SLS-MLP [54] 4 29.9 252 26.3 28.4 25.5 25.6 20.8 26.9 28.2 26.3
NOTG [37] 4 25.1 20.3 23.4 224 21.9 22.5 20.1 26.3 243 229
FullCircle (Ours) 4 ‘ 31.6 26.9 28.4 30.6 28.3 27.8 22.5 289 272 28.0

Figure 7. Effect of undistortion — Using raw fisheye images with FullCircle yields higher-quality reconstructions, both qualitatively and
quantitatively, compared to perspective baselines—robust and non-robust—that operate on preprocessed, undistorted images.

tion of 2880 x 2880 pixels using an Insta360 X4 dual-
fisheye camera. Easy scenes correspond to typical indoor
captures, medium scenes include view-dependent effects,
specular surfaces, and long-horizon outdoor environments,
while hard scenes feature long-cast shadows and multiple
human distractors. The dataset will be publicly released
to support future research. For experiments in this sec-
tion, the front and back fisheye images are undistorted us-
ing COLMAP [40, 41], and then used as input data to re-
construction. All baselines use poses estimated from the
dual-fisheye images using COLMAP.

Metrics. We report PSNR as the main novel-view synthe-
sis metric on perspective renderings from the test camera
views. Test fisheye images are captured from a tripod to
minimize distractor interference. The tripod body is masked
out when computing evaluation metrics. SSIM and LPIPS
are included in the supplementary material.

Baselines. We compare against 3DGS [18] and its robust
variant SpotLessSplats [54] for perspective-based gaussian
splatting baselines. From SLS, we use its MLP variant
trained with Stable Diffusion features for distractor segmen-
tation. We also provide comparison against NeRF On-the-
20 (NOTG) [37] as the state-of-the-art robust NeRF method.
We re-implement NOTG on top of Nerfacto [46] for faster
training and rendering. All methods are trained on undis-
torted front and back images from the 360 camera, except
ours which is trained on raw fisheye images.

Analysis. 3DGS is a non-robust baseline and frequently re-
constructs the human capturer as noisy distractor artifacts.

SLS-MLP [54] improves robustness to distractors but often
exhibits visible artifacts due to reduced coverage and dis-
tortions introduced during the undistortion and resampling
phase ( Fig. 7, second row). In scenes where the capturer
remains static for extended periods, SLS also tends to par-
tially reconstruct the distractor itself ( Fig. 7, first row).
In contrast, our method produces clean, high-fidelity re-
constructions without visible distractor artifacts and outper-
forms baselines quantitatively across most scenes. Remain-
ing failure cases primarily arise in challenging settings with
long-cast shadows or multiple moving distractors, where
methods such as SLS perform better.

4.3. Dual-fisheye reconstruction — Fig. 8

Following Sec. 4.2, we focus on methods capable of re-
constructing directly from fisheye images without undistor-
tion preprocessing, and can achieve higher reconstruction
fidelity. We evaluate our 3D reconstruction pipeline that
works on raw dual-fisheye casual captures, on our collected
dataset, where the capturer is present in all frames, either in
the front or back or both cameras, emulating a non-expert
capture. We compare our method to other robust and non-
robust methods that operate on raw fisheye images.

Dataset. We use the same dataset introduced in Sec. 4.2,
following the same train/test split. All images are calibrated
using COLMAP on the dual-fisheye inputs.

Metrics. We evaluate all methods on clean test fisheye im-
ages captured from a tripod, with the tripod body masked
out. PSNR results are reported in Fig. 8. SSIM and LPIPS
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Method Robust ‘ Room1 Flatl Flat2 Room?2 Room 3 Lounge Persons ~ Shadow | Mean
3DGRT [53] X 27.4 26.8 25.1 279 28.4 26.7 234 27.6 25.7 26.5
SLS (MLP) [54] 4 29.5 28.7 28.0 31.3 29.1 28.6 237 29.1 26.7 28.3
NOTG [37] v 24.2 194 19.2 27.7 22.1 17.4 19.8 24.6 20.9 21.7
FullCircle (Ours) v ‘ 32.6 29.1 30.5 31.6 29.9 29.5 244 31.0 27.8 ‘ 29.6

Figure 8. Fisheye reconstruction — Our method reliably removes human distractors and reconstructs high-quality 3D scenes. The table
shows PSNR metric, where out method outperforms both robust and non-robust radiance-field baselines designed for fisheye images.

are included in the supplementary material.

Baselines. We compare against 3DGRT [53]: a non-robust
Gaussian Splatting baseline that supports fisheye cameras.
For a robust variant, we augment 3DGRT with SpotLessS-
plats (SLS) [54] and use its MLP variant. Additionally,
we include a NeRF-based robust baseline, since NeRFs
natively support fisheye camera models (ray-based train-
ing). Specifically we use Nerf On-the-go (NOTG) [37], re-
implemented on Nerfacto [46] base model for faster conver-
gence and rendering. In all methods, the outer ring of the
fisheye images is masked out.

Analysis. Our method outperforms all fisheye-compatible

baselines both qualitatively and quantitatively. The vanilla
3DGRT baseline [53] fails to handle dynamic distractors,
frequently reconstructing the human capturer as noisy ar-
tifacts. Adding the SLS robust loss [54] improves results,
but struggles when the capturer remains momentarily im-
mobile, failing to separate them from the static background
and leaking into reconstruction early-on in training. NOTG
often overestimates uncertainty maps when paired with a
fisheye camera model, leading to under-reconstruction in
regions near the capturer. In contrast, our method explicitly
models the persistent presence of the human capturer across
frames and reliably segments them out, producing clean,
high-fidelity reconstructions even in complex or reflective
environments. For the hard scenes, our method occasion-
ally fails to suppress long cast shadows or reconstructs par-
tial geometry of other moving distractors; see Fig. 10.

4.4. Ablation study - Fig. 9

We ablate our design choices for incorporating the lumi-
nance mask. Applying it globally alters the overall bright-
ness of the reconstructed scene and often over-masks valid
regions, producing floaters and under-reconstruction. Con-
versely, omitting the luminance mask allows the capturer’s
shadow to persist as a noisy artifact, degrading PSNR. Our

Avg. PSNR:
15.34

la’

Global luma

2 Avg. PSNR:
) 29.49

Avg. PSNR:

> 1 29.62

/ﬁ e

Ours

Figure 9. Local luminance mask helps remove distractor’s shadow
artifacts, while global luminance mask results in global brightness
and under-reconstruction.

No luma

Distractor artifact

Other human distractor

Long cast shadows

Figure 10. Limitations — Our pipeline struggles with additional
human distractors (left) and long cast shadows (right).

localized luminance masking avoids both failure modes.
SSIM and LPIPS are reported in supplementary material.

5. Conclusion

We present a robust pipeline for 3D reconstruction from ca-
sually captured 360° images using a consumer-grade dual-
fisheye camera. We demonstrate that data collection for re-
construction can be performed more efficiently with dual-
fisheye imagery than with commonly used perspective cam-
eras due to their wider angular coverage. To leverage
this advantage for scalable dataset collection, we address
the central challenge of casual 360° capture—the always-
visible capturer that violates photometric consistency—by
reliably locating and masking capturer for high-quality re-
construction. To benchmark this, we collect a dataset that
provides a focused testbed for robust 360° reconstruction.



While effective, our pipeline currently assumes fixed ex-
posure and does not handle abrupt brightness changes, ex-
treme shadows, or multiple moving distractors; see Fig. 10.
Nevertheless, it enables robust reconstruction across a wide
range of casual captures, paving the way for scalable 360°
reconstructable datasets and training feed-forward recon-
struction networks from 360° imagery [4, 36].
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6. Supplementary materials

The supplementary materials are organized as follows.
First, we provide additional qualitative video results ac-
cessible via the index.html file; please open this file in
a modern web browser (e.g., Safari or Google Chrome).

We then report the corresponding quantitative results
(LPIPS and SSIM) for our main experiments. Further,
we present additional experiments that complement the de-
scriptions in the main paper. Finally, we present a detailed
description of our masking pipeline together with relevant
implementation details Sec. 6.4.

6.1. Additional image quality metrics

We compliment our results in Sec. 4.2 and Sec. 4.3 with
SSIM and LPIPS metrics. Specifically, we report Tabs. 2
and 3 as additional image quality metrics to Fig. 7 in the
main paper, and Tabs. 4 and 5 as an addition to Fig. 8.
Further, we report image quality metrics including
PSNR, SSIM and LPIPS in Tabs. 6 to 8 for the ablation
study on luminance masking in Fig. 9. While quantitative
improvements are generally consistent across scenes with
modest gains, the luminance mask provides clearly visible
qualitative benefits in suppressing distractor shadows.

6.2. Using alternative tracking models (DINOv3 [a])

In the main paper, we obtain synthetic fisheye masks by
automatically prompting SAMv2 [34] using the center of
the first synthetic fisheye frame and propagating the mask
over time. As an alternative, we also experiment with DI-
NOv3 [a] for segmentation and tracking. However, DI-
NOV3 requires an instance segmentation mask for the first
frame, which prevents a fully automatic pipeline compared
to our automated point-based SAMv2 prompting. For com-
pleteness, we report the DINOv3 results in Tab. 9, but do
not adopt this variant as our main approach.

6.3. Performance with unmasked calibration

For the main experiments, we provide COLMAP with both
the fisheye frames and their corresponding masks. With-
out masking, we observed that in some scenes COLMAP
extracts features on the capturer (e.g., in Room3 or Per-
sons), which leads to incorrect pose estimates once the per-
son moves. To mitigate this, we apply the masks during
calibration. For completeness, we also evaluate COLMAP
with unmasked calibration; Tab. 10 shows that masked cali-
bration consistently improves the 3D reconstruction quality.

6.4. Mask conversions

We provide a more complete description of our masking
pipeline, including details on converting masks between
perspective, fisheye, and omnidirectional camera models re-
quired by our method.

Sampling 16 pinhole cameras. For each omnidirectional
image obtained from the camera software, we sample 16
virtual 90° pinhole cameras that together cover the full
sphere. On each pinhole view, we run YOLOvV8 followed
by SAMvV?2 to detect and segment the person. From the re-
sulting mask, we compute the center of mass and the mask
area, since small false-positive masks can affect later steps.
We then map these quantities back to the omnidirectional
and the world space.

Reorienting the omni with the found direction. Once we
have the centers of mass and their corresponding areas, we
compute a weighted average of these centers in world coor-
dinates to obtain a dominant direction for the distractor. We
then reorient the omnidirectional image so that this direc-
tion is centered.

Going to fisheye and back. We map the rotated 3D points
xyz to a synthetic fisheye frame, treating the rear fisheye
as the reference and converting from the omnidirectional
image to fisheye via

¢ = arcsin(—y), A = atan2(z, —z). (1)
_ (142 _(1_ %22\ H
=125 =23 o

where A and ¢ represent longitude and latitude, and (u, v)
represent omni image coordinates. We then perform seg-
mentation and tracking on these synthetic fisheye frames us-
ing SAMv2 (or DINOV3) to obtain fisheye masks. Finally,
we map the masks back to the omnidirectional domain.

Going to original fisheye. For each fisheye camera, we
recover its viewing directions and rotate them into world
coordinates using the extrinsics obtained from a checker-
board calibration between the omnidirectional and fisheye
frames. We then convert the resulting 3D points for the
front and rear cameras, xy and X,., into spherical coordi-
nates (¢, As) and (¢, \,-). This yields the corresponding
pixels in the omnidirectional image, which we map back to
the original fisheye frames as

—Ar + w 2
w=(1+2ET) T o= (1-22) 5

uT:<1+—AT> y’ UT:<1_2¢>T>
T 2 T
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Method Robust ‘ Room1 Flatl Flat2 Room2 Room3 Lab Lounge Persons Shadow ‘ Mean
3DGS [18] X 0.90 0.83 0.85 0.90 0.85 0.80 0.72 0.82 0.87 0.84
SLS-MLP [54] 4 0.90 0.83 0.86 0.91 0.86 0.80 0.71 0.83 0.89 0.84
NOTG [37] 4 0.80 0.69 0.86 0.80 0.80 0.70 0.57 0.84 0.84 0.77
FullCircle (Ours) 4 \ 0.92 0.86 0.89 0.93 0.88 0.83 0.75 0.86 0.90 \ 0.87
Table 2. Perspective — SSIM 1 metric for reconstruction quality using undistorted fisheye images vs. ours.
Method Robust ‘ Room1 Flatl Flat2 Room2 Room3 Lab Lounge Persons Shadow ‘ Mean
3DGS [18] X 0.22 0.35 0.26 0.25 0.31 0.30 0.26 0.37 0.30 0.29
SLS-MLP [54] v 0.19 0.31 0.22 0.23 0.28 0.30 0.28 0.33 0.25 0.27
NOTG [37] 4 0.31 0.50 0.23 0.41 0.34 0.41 0.45 0.30 0.28 0.36
FullCircle (Ours) 4 \ 0.19 0.30 0.18 0.21 0.26 0.27 0.23 0.31 0.25 \ 0.25
Table 3. Perspective — LPIPS | metric for reconstruction quality using undistorted fisheye images vs. ours.
Method Robust ‘ Room1 Flatl Flat2 Room2 Room3 Lab Lounge Persons Shadow ‘ Mean
3DGRT [53] X 0.94 0.90 0.91 0.93 0.91 0.89 0.85 0.89 091 0.90
SLS-MLP [54] v 0.94 0.91 0.93 0.94 0.92 0.90 0.85 0.90 0.92 0.91
NOTG [37] 4 0.86 0.73 0.83 0.92 0.86 0.76 0.69 0.84 0.81 0.81
FullCircle (Ours) 4 \ 0.95 0.91 0.94 0.95 0.92 0.90 0.87 0.91 0.92 \ 0.92
Table 4. Fisheye — SSIM 1" metric for reconstruction quality using fisheye images.
Method Robust ‘ Room1 Flatl Flat2 Room2 Room3 Lab Lounge Persons Shadow ‘ Mean
3DGRT [53] X 0.10 0.19 0.12 0.14 0.16 0.16 0.12 0.20 0.16 0.15
SLS-MLP [54] v 0.09 0.17 0.10 0.11 0.15 0.14 0.12 0.19 0.14 0.14
NOTG [37] 4 0.19 0.47 0.22 0.14 0.23 0.30 0.35 0.25 0.30 0.27
FullCircle (Ours) 4 0.08 0.16 0.09 0.11 0.15 0.14 0.10 0.18 0.14 0.13
Table 5. Fisheye — LPIPS | metric for reconstruction quality using fisheye images.
Method ‘ Room1 Flatl Flat2 Room2 Room 3 Lab Lounge  Persons  Shadow ‘ Mean
Global luma 17.06 15.22 21.12 23.1 15.47 15.5 5.23 15.87 9.46 15.34
No luma 32.17 29.10  30.39 31.57 29.79 29.58 24.27 30.72 27.81 29.49
FullCircle (Ours) ‘ 32.64 29.11  30.55 31.63 2991 29.54 24.40 30.99 27.79 ‘ 29.62

Table 6. Luminance masking — PSNR 1 metric reported for reconstruction with/without local/global luminance masking.

Method ‘ Room1 Flatl Flat2 Room2 Room3 Lab Lounge Persons Shadow ‘ Mean
Global luma 0.80 0.76 0.87 0.88 0.78 0.74 0.50 0.75 0.68 0.75
No luma 0.95 0.91 0.94 0.95 0.92 0.90 0.87 0.91 0.92 0.92
FullCircle (Ours) \ 0.95 0.91 0.94 0.95 0.92 0.90 0.87 0.91 0.92 \ 0.92

Table 7. Luminance masking — SSIM 1 metric reported for reconstruction with/without local/global luminance masking.

Method ‘ Room1 Flatl Flat2 Room2 Room3 Lab Lounge Persons Shadow ‘ Mean
Global luma 0.22 0.32 0.17 0.21 0.29 0.31 0.67 0.33 0.40 0.32
No luma 0.09 0.16 0.08 0.11 0.15 0.14 0.10 0.18 0.14 0.13
FullCircle (Ours) ‘ 0.08 0.16 0.09 0.11 0.15 0.14 0.10 0.18 0.14 ‘ 0.13

Table 8. Luminance masking — LPIPS | metric reported for reconstruction with/without local/global luminance masking.

Method ‘ Room1 Flatl Flat2 Room2 Room 3 Lab Lounge  Persons  Shadow ‘ Mean
DINOV3 [a] ‘ 32.59 29.21  30.50 31.61 29.87 29.43 24.35 30.86 27.99 ‘ 29.60
FullCircle (Ours) ‘ 32.64 29.11  30.55 31.63 2991 29.54 24.40 30.99 27.79 ‘ 29.62

Table 9. DINOvV3 — Reconstruction quality reported in PSNR 1" metric for DINOv3 masking alternative to SAMv2.



Method COLMAP ‘ Room1 Flatl Flat2 Room2 Room 3 Lab Lounge  Persons  Shadow ‘ Mean

3DGRT [53] Unmasked 27.56 2575 2499 27.88 27.48 26.90 23.43 failed 25.51 -
FullCircle (Ours) Unmasked 32.20 28.31 30.20 31.30 28.80 28.68 24.38 failed 27.71 -

3DGRT [53] Masked 27.37 26.81  25.09 27.92 28.41 26.66 23.41 27.56 25.71 26.55
FullCircle (Ours) Masked 32.64 29.11  30.55 31.63 29.91 29.54 24.40 30.99 27.79 29.62

Table 10. Unmaksed calibration — Reconstruction performance reported in PSNR 1 metric using unmasked calibration.



	Introduction
	Related Work
	Method
	Capturer mask estimation
	Training the radiance field

	Experiments
	Dual-fisheye vs. perspective – fig:why360
	Reconstruction via undistortion – fig:comparison-p
	Dual-fisheye reconstruction – fig:comparison-f
	Ablation study – tab:ablation

	Conclusion
	Supplementary materials
	Additional image quality metrics
	Using alternative tracking models (DINOv3 dinov3)
	Performance with unmasked calibration
	Mask conversions


