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Fig. 1. A comparison (from left to right) of (a) the raw camera held-out reference image, (b) the reconstructed view from a vanilla Gaussian-splatting algorithm
using device calibration, (c) our reconstruction result using our proposed system, and (d) our reconstruction rendered with lifted dynamic range. We adjust the
gamma of all comparisons for better visualization. Egocentric video may contain challenges in image quality due to high speed head motion and the form
factor constraint. Our proposed system can recover photoreal scene reconstruction from the egocentric input videos with noises and heavy rolling-shutter
effect. Note the improved clarity on the text in the low-light image areas due to our correct handling of rolling-shutter during both steps in visual inertial
bundle adjustment and Gaussian-splatting. As a result, we can render the videos with higher dynamic range and further boost the details.

In this paper, we investigate the challenges associated with using egocentric
devices to photorealistic reconstruct the scene in high dynamic range. Exist-
ing methodologies typically assume using frame-rate 6DoF pose estimated
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from the device’s visual-inertial odometry system, which may neglect cru-
cial details necessary for pixel-accurate reconstruction. This study presents
two significant findings. Firstly, in contrast to mainstream work treating
RGB camera as global shutter frame-rate camera, we emphasize the impor-
tance of employing visual-inertial bundle adjustment (VIBA) to calibrate
the precise timestamps and movement of the rolling shutter RGB sensing
camera in a high frequency trajectory format, which ensures an accurate
calibration of the physical properties of the rolling-shutter camera. Secondly,
we incorporate a physical image formation model based into Gaussian Splat-
ting, which effectively addresses the sensor characteristics, including the
rolling-shutter effect of RGB cameras and the dynamic ranges measured by
sensors. Our proposed formulation is applicable to the widely-used variants
of Gaussian Splats representation. We conduct a comprehensive evaluation
of our pipeline using the open-source Project Aria device under diverse
indoor and outdoor lighting conditions, and further validate it on a Meta
Quest3 device. Across all experiments, we observe a consistent visual en-
hancement of +1 dB in PSNR by incorporating VIBA, with an additional +1
dB achieved through our proposed image formation model. Our complete
implementation, evaluation datasets, and recording profile are available at
https://www.projectaria.com/photoreal-reconstruction/

SIGGRAPH Conference Papers ’25, August 10–14, 2025, Vancouver, BC, Canada.

HTTPS://ORCID.ORG/0000-0002-7788-9982
HTTPS://ORCID.ORG/0009-0000-0139-9146
HTTPS://ORCID.ORG/0009-0009-9991-9757
HTTPS://ORCID.ORG/0009-0003-8716-201X
HTTPS://ORCID.ORG/0000-0002-0944-0980
HTTPS://ORCID.ORG/0000-0002-2799-5808
HTTPS://ORCID.ORG/0000-0002-9026-6886
HTTPS://ORCID.ORG/0009-0004-9091-8989
https://orcid.org/0000-0002-7788-9982
https://orcid.org/0009-0000-0139-9146
https://orcid.org/0009-0009-9991-9757
https://orcid.org/0009-0003-8716-201X
https://orcid.org/0000-0002-0944-0980
https://orcid.org/0000-0002-2799-5808
https://orcid.org/0000-0002-9026-6886
https://orcid.org/0009-0004-9091-8989
https://creativecommons.org/licenses/by-nc/4.0
https://creativecommons.org/licenses/by-nc/4.0
https://creativecommons.org/licenses/by-nc/4.0
https://doi.org/10.1145/3721238.3730753
https://www.projectaria.com/photoreal-reconstruction/
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3721238.3730753&domain=pdf&date_stamp=2025-07-27


2 • Lv, Zhaoyang et al

CCS Concepts: • Computing methodologies → Computer vision; •
Human-centered computing→Mixed / augmented reality; Ubiquitous
and mobile devices.

Additional Key Words and Phrases: egocentric glasses, Gaussian Splatting,
visual inertial bundle adjustment

ACM Reference Format:
Zhaoyang Lv,MaurizioMonge, Ka Chen, Yufeng Zhu,Michael Goesele, Jakob
Engel, Zhao Dong, and Richard Newcombe. 2025. Photoreal Scene Recon-
struction from an Egocentric Device. In Special Interest Group on Computer
Graphics and Interactive Techniques Conference Conference Papers (SIGGRAPH
Conference Papers ’25), August 10–14, 2025, Vancouver, BC, Canada. ACM,
New York, NY, USA, 11 pages. https://doi.org/10.1145/3721238.3730753

1 Introduction
Egocentric glasses equipped with first-person view cameras capture
the world in an unparalleled perspective from the viewpoint of
the human wearer. Scalable photorealistic 3D reconstruction from
these inputs holds significant potential for various applications in
augmented reality, robotics, and spatial artificial intelligence.
Seminal work in neural rendering [Kerbl et al. 2023; Mildenhall

et al. 2021; Müller et al. 2022] has significantly advanced the field of
photorealistic scene reconstruction using mobile cameras. Unlike
traditional techniques that required depth sensing [Newcombe et al.
2011; Straub et al. 2019], neural rendering relies solely on posed im-
ages as input, making it well-suited to the form factor of egocentric
glasses. Several studies have demonstrated that neural rendering
facilitates 3D scene reconstruction and understanding [Gu et al.
2024; Tschernezki et al. 2023].

The constant motion of the human head presents significant chal-
lenges for image sensing and localization in egocentric devices, both
of which can adversely affect the quality of neural reconstruction.
Existing solutions employing visual-inertial odometry can provide
a fast efficient solution for six degree of freedom (6DoF) tracking for
the device, which is further used to estimate a frame-rate 6DoF pose
for the RGB camera. However, a rolling-shutter camera is sensitive
to the fast moving head and a frame-rate pose cannot accurately
represent the correct pixel motions. Due to form factor constraints,
the image quality captured by sensors lacking hardware stabiliza-
tion can additionally be also compromised by potential motion blur
and noise under undesired lighting conditions [Goesele et al. 2025].

In this paper, we examine the challenges associated with egocen-
tric sensing and propose a systematic 3D reconstruction framework
for photorealistic novel-view rendering. Our approach includes
specific details on device calibration, reconstruction methods, and
the capture process. We utilize Project Aria [Engel et al. 2023], an
open-source egocentric glasses platform, for data capture, thereby
providing representative data within appropriate form factor con-
straints. Furthermore, we demonstrate that insights gained from
our study can be generalized to another commercial headset, such
as the Meta Quest 3 device.
Our contributions are as follows:
Firstly, we address the importance of employing visual-inertial

bundle adjustment (VIBA) that accounts for the rolling-shutter be-
havior of the RGB camera. This provides a continuous camera tra-
jectory to model pixel movement in neural reconstruction. Our

experiments demonstrate that using VIBA will consistently improve
the novel view quality in Gaussian Splatting by +1db in PSNR.

Secondly, we introduce a rasterization-based image formulation
pipeline that addresses common artifacts in physical image forma-
tion, including rolling shutter, lens shading, exposure, and gain
compensation. Our approach is distinct in that we represent image
poses as posed pixel arrays sampled from a continuous trajectory,
rather than assigning a single camera pose per image, and preserve
the merit of Gaussian rasterization. Unlike existing methods that
require ray-tracing Gaussians, e.g. [Moenne-Loccoz et al. 2024], our
formulation is applicable to general-purpose rasterization-based
Gaussian splatting. When being applied to 3D Gaussian Splatting
(3DGS) [Kerbl et al. 2023], our approach can further enhance re-
construction quality by +1 dB. We outperform existing baselines
and demonstrate a large quality improvement in handling complex
scenes observed by egocentric devices.

Third, to reduce the effect of blur with rapid headmotion in darker
indoor scenes, we propose a strategy of deliberately underexposing
input videos during the capture, inspired by HDR+ [Hasinoff et al.
2016]. We demonstrate we can reconstruct high quality noise-free
scene radiance from noisy dim input videos, and further render
sharp blur-free videos at a higher dynamic range.
We evaluate our algorithm on recorded datasets across scenes

with different scale and complexity. In addition to existing public
datasets, we recorded a new Aria scene dataset following our cap-
ture process to benchmark this study. We release our code, dataset
and capture profiles, with details at Project Aria Photoreal Recon-
struction.

2 Related Work
Since the seminal work NeRF [Mildenhall et al. 2021] demonstrated
novel view synthesis using radiance fields from posed images, nu-
merous efforts have extended this to be faster [Fridovich-Keil et al.
2022; Müller et al. 2022], with anti-aliasing [Barron et al. 2022], at
bigger scale [Barron et al. 2023] or dynamic scenes [Li et al. 2022].
Different from a raytracing formulation in NeRF, Gaussian Splat-
ting [Kerbl et al. 2023] introduced a new rasterization based neural
radiance fields composed of anisotropic 3D Gaussians (3D-GS) effi-
ciently reconstructs scenes at high quality and its extension show
superior performance for geometry reconstruction as well [Huang
et al. 2024; Yu et al. 2024]. Recent methods [Condor et al. 2024; Mai
et al. 2024; Moenne-Loccoz et al. 2024] use ray-tracing to optimize
3D-GS, addressing physical camera artifacts like rolling-shutter ef-
fects and deblurring, albeit with increased complexity. Our work
addresses the physical camera properties using the rasterization
based 3D-GS and shows it can improve the reconstruction quality
on both 3D-GS and its variants.

Image blur and noise are common in mobile camera captures and
have been extensively studied in classical [Hasinoff et al. 2016] and
learning based methods [Chen et al. 2018]. Multi-view images aid
in understanding image formation from its principle, with seminal
work in Richardson-Lucy deblurring [Liu et al. 2010] and HDR+
[Hasinoff et al. 2016]. This concept extends to neural radiance fields.
RawNeRF [Mildenhall et al. 2022] reconstructed radiance fields from
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noisy low dynamic range input and outperformed single and multi-
image raw denoisers. Approaches have explored reconstruction
from blurred inputs using NeRF [Ma et al. 2021; Wang et al. 2023]
or Gaussian splatting [Lee et al. 2024; Seiskari et al. 2024; Zhao et al.
2024], with a similar concept applicable to rolling-shutter as well
[Niu et al. 2024]. They estimate the scene radiance with camera ray
deformation induced by motion. However, due to unknown sensor
calibration for exposure or rolling-shutter, they require jointly op-
timizing camera deformation along with the scene radiance. One
recent approach [Seiskari et al. 2024] levarages high frequency vi-
sual inertial tracking and proposed to rasterize with additional pixel
velocity measured against visual aligned IMU information.

Our approach is most related to the synthesized capabilities from
RawNeRF [Mildenhall et al. 2022] and 3DGS-on-move [Seiskari et al.
2024]. Unlike RawNeRF, we used Gaussian Splatting for the scene
representation and addressed the rolling-shutter in egocentric video
beyond camera noise. Our solution is based on high-frequency track-
ing for the camera sensors. It addresses the pose acquisition issue to
apply RawNeRF or its variants [Singh et al. 2024] in practice at scale.
Our method leverages high-frequency tracking from VIO, explicitly
modeling rolling-shutter and blur as in 3DGS-on-move [Seiskari
et al. 2024]. Unlike 3DGS-on-move, which requires rasterizing pixel
velocities with pinhole assumption for rolling-shutter and jointly
pose optimization during training, our approach applies to any
Gaussian Splatting variant with lens distortion, and we demonstrate
superior quality consistently across scenes.
Neural rendering methods are commonly evaluated using static

multi-view images captured by devices that uses image signal pro-
cessing (ISP) [Barron et al. 2022, 2023; Mildenhall et al. 2019], which
includes non-transparent processes of denoising, deblurring, sharp-
ening and tone mapping that cannot be inverted. The camera cali-
bration and poses are acquired using off-the-shelf structure from
motion tools, such as COLMAP [Schönberger and Frahm 2016]. For
images collected with extreme blur [Ma et al. 2021] or noise, the
success in acquiring such camera ground truth can be extremely
volatile. For successfully localized scenes, this calibration process
also lacks physically meaningful calibration information to study the
impact of 3D motions. 3DGS-on-the-move [Seiskari et al. 2024] col-
lected hand-held videos with synchronized IMUs and demonstrated
the first 3D-GS to jointly optimize rolling-shutter and motion-blur
aware poses using imperfect factory calibration as initialization.
Compared to all existing work, we propose to address these chal-
lenges in an egocentric device systematically from the input capture
procedure to reconstruction algorithm. We evaluate the system ro-
bustly across different scenarios and our data acquisition can be
reliably reproduced using open-source egocentric device platform.

In egocentric vision, neural scene reconstruction has also served
as an important building block to enable scene understanding [Gu
et al. 2024; Straub et al. 2024; Tschernezki et al. 2023] and contextual
AI with human interaction [Lv et al. 2024; Plizzari et al. 2024; Yi et al.
2024]. However, it has been a persistent challenge to acquire high
quality reconstructions from egocentric devices in these prior works
using existing algorithms. We believe that our work can pave the
way for a scalable and accessible high quality neural reconstruction
in the rapid growing egocentric research areas.

Fig. 2. The layout of sensors for state estimation in a Project Aria device.
The device trajectory is represented at high frequency at IMU rate. The
red color highlighted the input information used within Gaussian Splatting
reconstruction.

3 Background
One of the key distinguishing characteristic we present in this paper
is to focus on reconstructing a video captured by an egocentric
form factor device. This is different from commonly used recon-
struction datasets composed of static image snapshots using phones
[Barron et al. 2022; Mildenhall et al. 2019], professional cameras
[Barron et al. 2023] or high-end 3D scanners [Knapitsch et al. 2017].

We use the open platform Project Aria [Engel et al. 2023], which is
a representative egocentric device with form factor and software for
future commodity 3D sensors. We consider the following properties
as the essential inputs of our study:
(1) With a high-frequency closed-loop device trajectory at the IMU

rate (e.g., 1 kHz for Project Aria), we can approximate the 6DoF
poses as a piecewise continuous function with respect to times-
tamps. The raw sensor measurements are timestamped on a
common clock at nanosecond resolution. With the state esti-
mation as described in Section 4, we can reliably calculate the
asynchronous posed rays using the estimated pixel timestamp
derived from first principles.

(2) The device provides a raw sensor output for the RGB camera,
including parameters such as gain, exposure, and a calibrated
vignette image. This facilitates the modeling the physical image
formation process without approximation. Our captured images
do not undergo any additional image signal processing (ISP),
such as denoising or local tonemapping.
In the following, we will discuss the importance of acquiring

high-frequency RGB sensor calibration in Section 4. Then we will
introduce a Gaussian Splatting pipeline that leverages the high
frequency trajectory and raw sensor models in Section 5. We will
further discuss details in capture settings that can improve scene
reconstruction in Section 6.

4 Visual Inertial Bundle Adjustment
The state estimation pipeline of an egocentric device (Fig. 3) con-
tains high-frequency (1KHz) device trajectory and online sensor
calibration values. In Project Aria device, the sensors (Fig. 2) used for
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Fig. 3. A. An overview of the state estimation pipeline. Among them, the
VIBA process handle the rolling-shutter RGB camera in a global bundle
adjustment. We provide an exemplification of the rolling shutter properties
in B., which are handled in the VIBA step. VIBA models the rolling-shutter
RGB camera and outputs accurate timestamps with poses for pixel exposed
at different rows during the readout time.

estimation are, additionally to the RGB camera, two monochrome
global-shutter SLAM cameras and two inertial motion units (IMU).
The full state estimation in our system follows the following steps:
(1) The visual inertial odometry (VIO) system fuses sensor mea-

surements computing an incrementally estimated (open-loop)
frame-rate device trajectory and online calibration of all sensors.

(2) The SLAM system uses monochrome global-shutter SLAM cam-
eras to provide loop closures and multi-recording relocalizations,
computing a closed-loop trajectory.

(3) Resulting estimate is batch-optimized in a visual-inertial bun-
dle adjustment (VIBA) step, which improves the accuracy
while maintaining loop-closing constraints. Trajectories formed
by all frames, including RGB frames and all sensor calibrations
are re-estimated in a joint optimization step.
Step (3) provides the essential calibration for the RGB cameras

that our reconstruction system depends on, which we will refer to as
VIBA. Compared to an alternative off-the-shelf bundle adjustment
system such as COLMAP [Schönberger and Frahm 2016], VIBA has
a few essential differences:
(1) RGB camera calibration uses a rolling-shutter aware model

jointly with global-shutter SLAM cameras.
(2) Camera time offsets are optimized as part of the model when

the hardware is unable to provide accurate trigger times.
(3) VIBA re-estimates all calibration parameters at IMU frequency

for improved estimate accuracy while simultaneously making
reprojection errors sub-pixel on tracked points.

(4) The system scales well to long egocentric videos.
The output of VIBA ensures a high-frequency rolling-shutter

aware image formation model, which existing system does not pro-
vide. To the best of our knowledge, no existing work investigated the
importance of this feature for 3D reconstruction, and the improve-
ment of calibration estimate is especially relevant in the regions
that are poor of tracked points, where mismatch might occur if
we only tried to improve reprojection errors on the sparse set of

tracked points. The SLAM pipeline, including the step with VIBA,
is now accessible through the machine perception service in Project
Aria tools. The Project Aria Docs website offers comprehensive
instructions on how to access and utilize this tool. We employed the
publicly available tool to obtain all input in the paper.

5 Methods
We use Gaussian Splatting (3D-GS) [Kerbl et al. 2023] as the scene
representation, a popular framework for efficient photorealistic
scene reconstruction. Unlike existing approaches [Moenne-Loccoz
et al. 2024; Seiskari et al. 2024], our proposed approach handles
camera motions such as rolling shutter, and lens distortion with no
change required in the standard Gaussian rasterization and can be
applicable to its broad family of advanced variants.
We first discuss a few key notations in 3D-GS and its variants.

Then we will illustrate how we update its image rasterization formu-
lation model to handle the common artifacts in egocentric camera
sensing. We provide the full implementation details of the prepro-
cessing steps of all input data in the supplementary material.

5.1 Gaussian Splatting
The 3D-GS represents the scene S as a set of 3D Gaussians G =

{𝝁,R, 𝛼, c}. Each Gaussian is determined by its 3D mean position
𝝁 ∈ R3 and 3D covariance 𝚺 ∈ R3×3. To approximate a semi-
definite 3D covariance, it is parameterized as RSS𝑇R𝑇 using rotation
R ∈ SO3 and scale S ∈ R3. To render an image, all 3D Gaussians are
first projected to 2D given the camera pose T ∈ SE3 as sorted 2D
Guassians according to the projected depth value. The pixel color
C(u) is an accumulation of the Gaussian color c ∈ R3 and opacity
value 𝛼 ∈ R1 by traversing the list front-to-back. To simplify the
notation, we represent the rasterization process to acquire the color
of a pixel using the following rendering function:

C(u) = 𝜋 (u,S,T) (1)

The above rasterization function in Eq. 1 can also generalize to
other Gaussian alternative, e.g. 2D-GS [Huang et al. 2024], with
slight different parameterization of the scene S. We will use this
function in Eq. 1 to refer the broad family of Gaussian rasterization
approaches in following sections and results.

5.2 Image rasterization model with high frequency poses
We represent the high frequency trajectory as a piecewise continu-
ous function with the 6DoF pose, which support the pose query at
any time 𝑡 as T(𝑡) = 𝑓T (𝑡). For a rolling-shutter camera, each row
of a pixel has its asynchronous 6DoF pose given the query time at
𝑡 (u) from from the image capture time 𝑡 (0) and readout time Δ𝑑𝑡𝑟 :

𝑡 (u) = 𝑡 (0) + (uℎ
𝐻

) · Δ𝑑𝑡𝑟 (2)

where 𝑡 (0) represent the capture time of the first row pixel for the
image with height 𝐻 and uℎ is its row index.

The physical image formation for each pixel accumulates photons
of projected scene irradiance during a fixed exposure time 𝑡𝑒 and
amplified by an analog or digital gain value 𝑔. The image irradiance
is further transformed and compressed into an image with certain
dynamic range. We can calculate the color of each pixel C(u) by all
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Fig. 4. We visualize the impact of motion during image read-out time. In
the left image, we visualize the reprojection vector of sparse scene depth
during the image read out time. On the right, we calculated the magnitude
of reprojection error for all points per-frame, and plot the 25,50,75 percentile
of distribution along this trajectory in time. In this particular frame, 50
percentile of the points have about reprojection error of 30. Such errors will
cause misalignment in reconstruction if not handled properly.

the sampled pixels with poses T starting 𝑡 (u) within the sampled
exposure interval 𝑡𝑒 , as the following updated function:

C(u) = 𝜙 (𝜔 (u)
∫ 𝑡𝑒

0
𝜋 (u,S,T(𝑡 (u) + 𝑡))𝑑𝑡) (3)

where 𝜔 (u) is a per-pixel linear weight that combines the effect
of analog gain 𝑔, lens shading 𝑉 (u) and normalization factor. 𝜙 (·)
represents the camera response function. We will discuss a few
importance factors in practice as following.

Rolling-shutter with lens distortion: The query time in Eq. 2 is cal-
culated based on the raw undistorted image. After image rectifiction,
the linear relationship for each pixel respect to their row number
will not hold which prohibits existing solution [Seiskari et al. 2024]
to be applicable. We propose to generate a index ratio as a look-up
table for the rectified image R(u), where each pixel value is a ratio
representing its row number relative to the image height. We adjust
Eq. 2 to the following time query:

𝑡 (u) = 𝑡 (0) + R(u)Δ𝑑𝑡𝑟 (4)

Camera motion sampling: A discrete form of Eq. 3 requires suffi-
ciently sampling the possible motions that could result in substantial
pixel offsets during the exposure or readout time. We use the scene
depth to estimate the reprojection error during a temporal bracket.
Specifically, the sparse depth value is triangulated from the tracked
points in global shutter SLAM cameras and serve as the 3D anchors
for camera motion estimation. We estimate the length of temporal
bracket that ensures half of the reprojected pixels have fewer than 1
pixel reprojection error. As a result, the full-resolution RGB camera
with a readout time of approximately 16 ms has an average of eight
motion samples within the readout time.

The importance of motion sampling: The human head is in con-
stant motion and can achieve rotational velocities of several hundred
degrees per second. Fig. 4 shows the artifact of pixel reprojection
errors during the image readout time. In our ablation study, we will
show correcting modeling the pixel motions can drastically improve
the reconstruction quality.

Rasterization: We batch rasterize the image based on the number
of samples in R(u) during the forward process and then use a
gather operation to synthesize a final image. The number of pixels
contribute to the backward gradients are same as the single image.
We employ the aforementioned camera motion sampling strategy
to determine the sample bracket within R(u). For a quasi-static
viewpoint, only one pose sample is needed, whereas 8-16 samples
may be required for a fast-moving view.

This approach is general to camera models and can be particular
helpful for those containing high-order distortions. In our exam-
ple, the RGB camera is a fisheye model with high order of coef-
ficients which no existing rasterization implementation supports.
Unlike existing approach that require customized rasterization ker-
nel [Seiskari et al. 2024] to camera with particular calibration or
using raytracing [Condor et al. 2024], our proposed rasterization
in Eq. 3 with rectified index look up table require no change to
general 3D-GS or its variants such as 2D-GS [Huang et al. 2024]
using common pinhole or fisheye rectified images [Liao et al. 2024].

5.3 Additional factors
Preserving dynamic range of the scene: Different from datasets

that often estimate the scene radiance directly using tonemapped
images, the Gaussian color c of the scene S in Eq. 3 is in linear
space by default, which can hurt the optimization particular in high
dynamic range scenarios. Thus, we explicitly encode scene color
as a gamma compressed scene irradiance c = 𝜙−1 (r). We use the
same notation 𝜙 (·) to represent the inverse of camera response for
simplicity. We use gamma value 2.2 as our default setting.

Image blur: For an auto-exposed camera, the exposure time is re-
lated to the auto-exposure target and the scene luminance. In bright
outdoor scenarios, where the exposure of 0.5 ms is sufficient, the
amount of motion during the exposure time is limited. However, in
indoor scenes, the exposure can be ten times longer, leading to signif-
icant motion blur. Although Eq. 3 models the blur formulation and
can be used to optimize deblurred pixels as existing work [Seiskari
et al. 2024], we find that it is challenging to reliably reconstruct
sharp details from the blurry image without a very dense capture,
which is hard to be fulfilled by humanmovement in practice. Instead,
we can record less blurry images with shorter exposure time, which
motivated our capture process to be discussed in Section 6.

Handling noise: The Project Aria device uses analog gain to com-
pensate image brightness in low light scenario resulting in strong
photon shot noise that affects the image quality. For a gamma
compressed image, an approximated square-root gamma value can
whiten this photon shot noise and can be handled by the L1/L2
reconstruction loss without additional efforts [Lehtinen et al. 2018].
Different from existing HDR reconstruction [Mildenhall et al. 2022;
Singh et al. 2024] that target a HDR recovery using special losses
for extreme dark scenario, we found the standard 3D-GS training
objective is effective handle such indoor scenarios.

6 Capturing Egocentric Video
We record egocentric videos as 10 FPS JPEG-compressed 8MP images
using Project Aria [Engel et al. 2023]. No denoising or deblurring
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is applied to the input video. We rectified the images to 2400x2400
resolution and use them for training.
In indoor scenario with illumination under 300 lux, standard

auto-exposure system will increasing either the exposure time or
the analog gain. Increasing the exposure time can result in motion-
blurred captures, while increasing the gain can introduce more
noises. In Section 5.3, we discuss certain level of photon shot noise
can be handled via a noise-to-noise reconstruction process while it
remains challenging to handle blur. This inspired us to use a special
capture treatment to handle low light scenarios.

Capturing videos in indoor environment. Inspired by high dynamic
range (HDR) image processing algorithms that recover HDR im-
ages from multiple fast exposure captures [Hasinoff et al. 2016],
we propose capturing videos using fast exposures to minimize the
impact of motion blur and recover high dynamic range, noise-free
3D scenes from the 3D reconstruction. We limit the RGB camera
exposure time to a maximum of 2 ms. This works for general indoor
environments measured with illuminations between 150-300 lux.
Low light indoor scenarios is extremely challenging for egocentric
video which is a limitation we leave for future work.

Aria scene evaluation dataset. We collected two categories of ego-
centric recordings to evaluate the algorithm in diverse conditions.
Each has 6 recordings in scenes with varying complexity. The out-
door recordings have high dynamic range illuminated with a mini-
mum of 3K lux. We used auto-exposure with varying exposures and
minimum analog gain. Little motion blur or noise is present in these
recordings. We use them to evaluate free viewpoint reconstruction
in unconstrained large-scale environments. For indoors recordings,
we collect them with the proposed indoor capture protocol. Fig. 6
and Fig. 7 contain some visual examples and evaluation. We include
more details of the dataset in supplementary materials.

The full processing of the dataset is based on tools from the open-
sourced Project Aria platform. We release the collected datasets as
examples and we hope it can help the community can bring the
learnings to various applications at a bigger scale.

7 Experiments
Baselines and ablations. We use 3D-GS in GSplats [Ye et al. 2024]

as our main rasterizationmethod to represent the family of Gaussian
Splatting algorithms. For all comparisons, we use the same hyper-
parameters following the baseline. We also include results that use
2D-GS as the rasterization method, which demonstrates our method
is applicable to other Gaussian variants. We provide the following
evaluation.

(1) Splatfacto. The Splatfacto in Nerfstudio integrates a few ad-
vanced features of Gaussian Splats. We use the same GSplats
version (1.4) in our training and this baseline for a fair com-
parison. We provide the same calibration for RGB camera that
for our ablations that does not use VIBA, which represents the
most common reconstruction baseline in existing work [Gu et al.
2024; Yi et al. 2024] using egocentric devices.

(2) 3DGS-on-move [Seiskari et al. 2024]. This represents the
state-of-the-art work that similarly rasterizes the Gaussians with
an explicit image formation model. It rasterizes the Gaussians

from a moving camera using the camera velocity information.
In addition, it jointly optimizes the camera parameters during
training to correct potential pose errors. We calculated the RGB
camera velocity and provide them to this algorithm as initializa-
tion. Other than this, it use the same input as Splatfacto. We use
the default parameters setting and the same training iterations
as all other baselines.

(3) Ours Egocentric GS (3D-GS/2D-GS). This is our implementa-
tion using the extensions we discussed in Section 5.2, based on
closed-loop device trajectories and online calibrations. We use
3D-GS as the default choice of Gaussian rasterization pipeline if
not clarified.

(4) Ablations: without VIBA.We use the high frequency closed-
loop trajectory calculated using the SLAM cameras and the
factory calibration for RGB camera before VIBA. As splatfacto,
it represents the commonly used setting in previous work.

(5) Ablations: without motion sampling. We disable motion
aware pose sampling technique in Section 5 to compensate the
rolling shutter effect. As all other baselines, we only use the
center row pose represent the image pose, calculated from the
VIBA calibrated trajectory.

(6) Ablations: without scene gamma. In Eq. 3, we represent scene
radiance in linear space with no gamma conversion.

Evaluation datasets. We evaluate our algorithm using the follow-
ing data:

(1) Aria scene dataset. To evaluate the algorithm performing at
scale, we collected a set of indoor and outdoor egocentric videos
using the protocols discussed in Section 6.

(2) Digital Twin Catelog (DTC) dataset.We use the egocentric
recordings within the Digital Twin Catalog dataset [Dong et al.
2025], which has precisely 3D aligned ground truth. These videos
are recorded with the same lab lighting condition and fixed
exposure gain inputs using Project Aria device. We evaluate the
predicted geometry quality using the depth and normal rendered
from the 3D ground truth.

(3) Quest scene dataset.We further collect one sequence using the
Meta Quest 3 device. We process the dataset following the same
proposed process. This evaluation demonstrate the generaliza-
tion of the proposed method to cope with other data recorded
from other commodity egocentric headsets.

For all of the evaluations, we create the validation set following
the common practices as [Mildenhall et al. 2019] that held out every
8th image as the validation images and use the rest for training. We
perform all evaluations using PSNR and SSIM as the main image
quality metrics.

Results. Table 1 demonstrates the quantitative evaluations on
Aria scene dataset, in both outdoor and indoor recordings, which
includes the comparison to the baselines and ablations. Table 2 pro-
vides the comparison on the DTC dataset. Fig. 6 show a qualitative
comparisons of our method to baselines. Fig. 7 compares our abla-
tion settings. Fig. 1 highlights the high dynamic range noise-free
reconstruction in indoor environment using fast exposure captures.
We summarize the findings in the following.
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Table 1. Quantitative evaluations for the Aria scene dataset. We separate the scenarios for outdoor and indoor scenarios. Splatfacto refers to [Ye et al. 2024]
and 3DGS-on-move refers to [Seiskari et al. 2024].

Ourdoor scenes bike shop steakhouse patio pop-up shop sunroom garden restaurant patio
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

splatfacto 26.98 0.803 26.30 0.777 26.48 0.766 22.82 0.735 20.32 0.647 20.34 0.701
3DGS-on-move 27.07 0.806 25.80 0.774 26.91 0.773 23.33 0.752 19.68 0.644 20.33 0.706

Our Egocentric-GS 29.98 0.838 28.38 0.805 29.03 0.797 27.03 0.788 24.00 0.704 25.30 0.787
w/o VIBA 27.68 0.800 27.03 0.782 27.64 0.771 25.22 0.751 22.58 0.670 22.32 0.725
w/o motion sampling 28.83 0.819 27.70 0.792 28.29 0.783 26.15 0.766 22.90 0.678 23.31 0.746
w/o scene gamma 29.04 0.836 27.21 0.790 28.16 0.795 21.76 0.746 21.74 0.685 22.52 0.765

Indoor scenes Library Plant hallway Open hallway Micro Kitchen Multi-Floor Livingroom
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

splatfacto 23.62 0.522 21.65 0.723 23.85 0.530 23.05 0.547 24.92 0.520 27.41 0.546
3DGS-on-move 22.03 0.501 20.449 0.712 21.85 0.511 23.35 0.544 23.99 0.511 27.62 0.546

Our Egocentric-GS 24.59 0.544 23.97 0.765 26.61 0.554 27.11 0.579 25.96 0.535 27.73 0.546
w/o VIBA 23.91 0.525 22.64 0.731 25.63 0.539 25.54 0.559 25.26 0.522 26.35 0.527
w/o motion sampling 23.98 0.525 22.82 0.740 25.66 0.540 25.94 0.565 25.57 0.527 27.28 0.535
w/o scene gamma 24.22 0.542 21.02 0.744 25.01 0.547 24.48 0.561 25.66 0.535 27.33 0.545

Table 2. Quantitative evaluation of appearance and geometry reconstruc-
tion on egocentric DTC dataset. [Dong et al. 2025]. We evaluate depth using
scale-invariant L1 loss and evaluate normal using L1 loss.

PSNR ↑ Depth ↓ Normal ↓

Ours (3D-GS) 29.83 0.1505 0.3078
w/o motion sampling 28.93 0.1769 0.3171
w/o VIBA 28.52 0.1730 0.3274
w/o scene gamma 28.76 0.1768 0.3236
splatfacto [Ye et al. 2024] 24.81 0.1749 0.6627

Ours 2D-GS 29.54 0.1474 0.1509
w/o motion sampling 28.75 0.1755 0.2112

Comparison to existing work. Compared to both splatfacto and
3DGS-on-move, our method significantly outperform them in both
quantitative and qualitative comparisons. Both baselines fail to re-
cover scene details and create significant floaters in the scene. Our
solution without using VIBA or camera motion sampling also out-
performs them in most scenes. Although 3DGS-on-move rasterizes
a physical image model considering both rolling-shutter and blur,
its joint optimization with Gaussians splatting does not necessarily
provide better visual quality compared to the splatfacto. Both meth-
ods come close in a small dense captured scene (Livingroom), but
we observe larger performance gap for scenes with increasing scale
and complexity.

The effect of VIBA and motion sampling. We observe a big im-
provement in visual quality (2-3db in PSNR) when using optimized
calibration from VIBA, and we can also observe consistent improve-
ment (1db in PSNR) when using the motion sampling to compensate
the camera rolling-shutter effect. In DTC evaluation, we can observe

Table 3. Quantative evaluations on MetaQuest 3 recording dataset.

PSNR ↑ SSIM ↑ LPIPS ↓
Ours (3D-GS) 29.54 0.9147 0.2271
w/o VIBA 27.27 0.8737 0.2731
w/o motion sampling 28.85 0.9012 0.2344

using VIBA and motion sampling in color will also contribute to
better geometry modeling.

The effect of modeling gamma compressed scene radiance. Explic-
itly modeling the radiance in gamma space can boost visual quality
in all scenes and have more significantly impact in outdoor scenes.
As mentioned in Section 5, it helps to model scenes with higher
dynamic range.

Generalization to other headset. We apply the same process to one
recording using Meta Quest 3 dataset and report the quantitative
comparison in Table 3 and perform the ablation study on 3D-GS
baselines. Similar as the observation in Aria datasets, we can con-
sistently observe the performance improvement measured in all
metrics when using VIBA and motion sampling.

High dynamic range rendering. Our reconstruction in low-light
indoor scenario preserve the dynamic range of the scene, which
can produce enhanced rendering after reconstruction. In Fig. 1, we
show a visual example to simulate a rendering camera with 3x gain.
We can see the improved clarity of details and text despite the input
video is noisy and dark.
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(a) Ground Truth (b) Ours (c) Without VIBA

Fig. 5. Qualitative comparison on aQuest 3 device. We can reconstruct scenes with sharper details using VIBA.

8 Conclusion
In this paper, we describe a system for capturing videos using an
egocentric device and a method for reconstructing photorealistic
scenes. We argue the importance of correctly calibrating and model-
ing the physical image formation model from first principles. In our
evaluation, our results produce high quality rendering with sharp
details while existing methods fail to do so. The proposed solution is
built on an open-source egocentric glasses platform, and we tested it
across scenes with varying complexity and lighting conditions. We
further validated our approach on a commercial headset, leading to
consistent conclusions across different platforms. With the rising de-
mand for lightweight egocentric glasses, we believe our method can
benefit various applications and inspire future methods to design
better scene reconstruction algorithm and hardware end-to-end.

Limitations and future work. Firstly, while our method surpasses
current state-of-the-art techniques in scene reconstruction, recon-
structing any scene from any human trajectory remains an unsolved
challenge. Unlike static captures, egocentric video may lack suf-
ficient view coverage, leading to reconstruction artifacts. Recent
methods using sparse views show promise and could inform future
improvements. Secondly, like most reconstruction algorithms, we
assume a static scene, which is a significant limitation. Human body
parts, shadows, illumination changes, and scene motions are often
present and should be addressed in future work to enhance scalabil-
ity. Lastly, our system struggles in extremely low light conditions
(<50 lux), resulting in insufficient signal capture and failure. Future
advancements in image sensing and reconstruction algorithms may
better address this issue.
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Fig. 6. Qualitative comparisons to baseline approaches Splatfacto and 3DGS-on-move.
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Fig. 7. Qualitative comparisons of ablations. Better visualized in full resolution.
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