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Fig. 1: Sample frames of the released dataset sequence. Project page: https://scenehub4d.github.io/.

Abstract—Volumetric video and 6-DoF scene capture are becoming central to immersive applications such as telepresence and mixed
reality content delivery. However, existing volumetric datasets are often short in duration, restricted to studio-captured human subjects,
and provide only limited geometric representations. Consequently, evaluating real-world immersive applications in full-scene contexts
often necessitates custom capture and 3D reconstruction setups, creating high practical barriers and ultimately hindering reproducibility.
To this end, we present SceneHub4D, a new dataset and evaluation framework. Our dataset captures long, dynamic sequences across
diverse real-world indoor environments with synchronized multi-view RGB-D streams, calibrated camera poses, and high-resolution
background geometry reconstructed via photogrammetry and LiDAR. We provide multiple 3D representations, including point clouds,
textured meshes, and Gaussian splats, along with a software toolkit for format conversion, rendering, and metric evaluation. To
support structured comparison and perceptual analysis, we provide supplementary metrics including Geometry Complexity Score and
Volumetric Temporal Information, and evaluate rendering performance across desktop GPUs and VR headsets.
By lowering the practical barriers to capture, reconstruction, and evaluation, SceneHub4D enables researchers to study immersive 3D
streaming and rendering systems without requiring custom hardware setups or complex data collection pipelines. We expect it will
serve as a useful foundation for advancing volumetric media research.

Index Terms—6-DoF, 4D, Volumetric Video, Dataset, Toolkits, Metrics

1 INTRODUCTION

Recent advances in 3D sensing, rendering, and head-mounted displays
have accelerated research in volumetric video, enabling applications
such as telepresence, remote collaboration, and mixed reality content
creation. As volumetric media systems move toward real-time per-
formance and view-dependent rendering, the need for high-quality,
reusable datasets for benchmarking has become increasingly urgent.

Despite progress in capturing and reconstructing 3D scenes, existing
volumetric video datasets fall short in several key aspects. Many are
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limited to object-centric recordings in controlled studio environments
(e.g., human objects, dance performances, etc), lacking the spatial
complexity and background context required for evaluating real-world
applications [20, 25, 33, 36]. In addition, they typically provide only
one preprocessed geometry format, often a point cloud, without access
to the original RGB-D data or camera poses, which hinders reconstruc-
tion, analysis, or conversion to other modern representations such as
Gaussian splats [25, 33].

Moreover, these datasets do not offer metrics to describe, analyze,
or compare the structural or perceptual characteristics of volumetric
content. Descriptions are often qualitative, and sequence durations are
short, typically a few seconds, limiting their usefulness for evaluating
volumetric streaming systems that require longer, coherent sequences.

To address these gaps, we present SceneHub4D, a new volumet-
ric video dataset and benchmarking framework for 6-DoF 4D scenes.
SceneHub4D provides the following key contributions. First, it offers
diverse raw RGB-D sequences with calibrated camera poses across
indoor scenes lasting over 60 seconds. These captures include activ-
ities such as group conversations, object interactions, and movement
in realistic environments (labs, kitchens, hallways, living rooms). To
complement the sparse depth maps, we additionally provide a high-
resolution, photogrammetry-based textured mesh of the entire scene.
The mesh is globally aligned to the RGB-D coordinate system, enabling
its use as a backdrop for rendering and ensuring scene completeness.
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SceneHub4D ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ≈ 2 min ✓ ✓

Panoptic [20] ✓ ✓ ✓ - ✓‡ ✓ ✓ ✓* - ≈ 6 min ✓ ✓

UVG-CWI-DQPC [11] ✓ ✓ ✓ ✓ - ✓ ✓ - - ≈ 7 sec - ✓

PCVD [25] - - ✓ ✓ - ✓ ✓ - - ≈ 25 sec ✓ -
FSVVD [16]† - ✓ ✓ - - ✓ ✓ ✓ - ≈ 13 sec - -
CWIPC [33] - ✓ ✓ - - ✓ ✓ - - ≈ 45 sec - ✓

Table 1: Comparison of volumetric video datasets. ‡: Later adopted in a dynamic Gaussian splatting study [29]. *: Provides capture in a dome
environment. †: Dataset not publicly accessible at the time of this writing. Video length is estimated assuming 30 fps from the reported frame counts.

SceneHub4D supports conversion to multiple geometry representations.
Second, SceneHub4D provides a set of quantitative descriptors to

facilitate structured comparison of dataset content. Specifically, we
characterize geometric complexity using a Geometry Complexity Score
(GCS), extend it with SSIM-aware GCS to incorporate perceptual
quality across multiple views, and measure temporal variation using
Volumetric Temporal Information (V-TI) based on point-wise displace-
ments between aligned point clouds. With the dataset and proposed
metrics, SceneHub4D enables compression benchmarking using raw
formats compatible with geometry and video codecs, without requiring
complex multi-camera calibration or synchronization pipelines.

Finally, SceneHub4D bridges directly to immersive VR applications.
We provide a Unity-based application for live-like replay and validate
our metrics by measuring rendering performance across desktop GPUs
and standalone VR headsets (Quest 2, Quest 3), highlighting trade-offs
between geometric complexity, perceptual quality, and real-time frame
rates.

All together, SceneHub4D provides a comprehensive foundation
for benchmarking immersive 3D content and advancing end-to-end
VR system design. In the remainder of this paper, we describe the
design of SceneHub4D, including data capture, geometry processing,
and camera pose generation (§ 3). Next, we present a detailed dataset
description and analysis with proposed evaluation metrics (§ 4). We
further demonstrate representative use cases such as compression and
streaming benchmarks (§ 5).

2 RELATED WORKS

A variety of volumetric video (also known as free-viewpoint video)
datasets have been proposed, each highlighting different aspects of 3D
capture such as interaction types, scene complexity, and representation
formats. Tab. 1 summarizes the differences between our dataset and
existing datasets.

Recent point cloud datasets such as PCVD [25], CWIPC-SXR [33],
and UVG-CWI-DQPC [11] focus primarily on human captures using
multi-view RGB-D sensors. They provide dense point cloud captures
of social interactions using multi-camera RGB-D setups. However,
PCVD and CWIPC-SXR do not provide explicit per-view camera pose
annotations, making it difficult to reproject or evaluate flexible 3D rep-
resentations such as meshes or emerging formats like Gaussian splats.
While UVG-CWI-DQPC includes calibration and transformation meta-
data, all three datasets lack explicit background geometry, which is
often necessary for evaluating full-scene rendering and real-world ap-
plication contexts [19, 36].

Panoptic Studio [20] offers one of the earliest large-scale multi-
person volumetric video datasets, captured using 10 Kinect v2 sensors
inside a geodesic dome. While it enables rich social interaction capture,
the confined dome environment and the use of older-generation sensors
constrain geometric fidelity and spatial variety. Additionally, it lacks
mesh or photogrammetric reconstructions.

FSVVD [16] is the dataset most comparable to ours, as it cap-
tures human–object interactions in diverse indoor environments with
full-scene context. While a download link is provided on the project
webpage [9], the dataset was not readily accessible at the time of our
experiments due to platform-dependent access restrictions, which limits
practical usability. In contrast, our dataset is hosted on an Open Storage

Network (OSN) platform backed by S3 storage, with a partial subset ad-
ditionally mirrored via a public Dropbox link, and is directly accessible
from multiple regions. We further verified that the download bandwidth
is stable and sufficient for practical use, enabling reproducible access
across continents (Tab. 3).

Moreover, FSVVD does not provide mesh or photogrammetric geom-
etry, and only reconstructed point clouds are available. Camera calibra-
tion parameters are not included, which restricts reuse in reconstruction
or re-rendering pipelines. Similar to our dataset, FSVVD is captured us-
ing RGB-D cameras, which inherently introduces depth holes and spar-
sity. However, our dataset additionally provides photogrammetry-based
geometry to compensate for such missing regions. Finally, FSVVD
sequences remain relatively short in duration (≈13 sec), whereas our
dataset focuses on longer continuous captures.

SceneHub4D complements prior efforts by providing a comprehen-
sive collection of 3D representations, captured across diverse, real-
world indoor environments. Each sequence includes per-camera depth,
calibrated camera poses, and full-scene geometry with background.
We also provide evaluation metrics and a software toolkit for flexible
representation.

3 DATASET GENERATION

3.1 Data Capture
We describe the hardware and software setup used for synchronized
multi-view RGB-D data capture, including calibration, synchronization,
and photogrammetric background capture.
Capture setup. We use four Azure Kinect cameras to capture high-
resolution RGB-D data at 30 fps. Each device records 1920×1080
RGB images and 640×576 depth maps, which are aligned to the RGB
resolution using the Azure Kinect SDK [1]. Each scene sequence
is captured over approximately 2 minutes on average. The cameras
are placed strategically around the room—facing inward and spaced
according to room constraints—to enable volumetric coverage. The
capture environment dimensions are summarized in Tab. 4, and the
camera placement from one of the scenes (lab area) is visualized in
Fig. 2. To improve texture quality and reduce lighting variation, we
attach lightweight diffusion LED light panels to the tripod of each
camera.
Photogrammetry capture. For each scene, we captured approxi-
mately 1,000 high-resolution photographs using a fixed camera rig
composed of five Ricoh cameras. To enhance geometric accuracy, we
also performed a LiDAR scan using a Leica BLK360 laser scanner,
generating a dense point cloud of the scene.

The captured images and LiDAR data were processed using Reality-
Capture [4], a photogrammetry software that reconstructs 3D geometry
by aligning images via feature matching, estimating camera poses, and
generating a textured mesh. By integrating visual data and laser scans,
the software enables accurate and high-quality 3D reconstructions,
which serve as background assets in our dataset.
Calibration. To ensure high-quality 3D reconstruction from multi-
camera RGB-D data, accurate calibration is essential for both the in-
trinsic parameters of each camera and the extrinsic transformations
between them. For the camera intrinsic calibration, we obtain each
camera’s intrinsics parameters, such as focal length, principal point,

2



© 2026 IEEE. This is the author’s version of the article that has been published in IEEE Transactions on Visualization and
Computer Graphics. The final version of this record is available at: xx.xxxx/TVCG.201x.xxxxxxx/

and lens distortion, employing Zhang’s method [44] from a set of flat
checkboard pattern images. In addition, we adopt the Brown-Conrady
distortion model [8] to account for radial and tangential lens distortion,
which better reflects the optical characteristics of the Azure Kinect sen-
sors. For the extrinsic calibration, we estimate the 6-DoF relative poses
between cameras by performing stereo calibration with OpenCV [5] on
pair-wise cameras. The calibration target is an asymmetric ChArUco
target [2] to ensure unique keypoint labeling. Our dataset consists of
undistorted camera RGBD images, where lens distortions are corrected.
We also provide the corresponding optimal intrinsic parameters that
best fit this undistorted geometry projection.

To quantitatively evaluate our calibration accuracy, we compute the
reprojection error by projecting all the 3D calibration target points
(board pattern corners) into the 2D image plane using our estimated
camera parameters [32]. We then calculate the L2 norm between the
reprojected points and the ground truth image observations. Throughout
our five different scene setups, we achieve an average of 0.2 reprojection
error (sub-pixel accuracy) for camera intrinsics parameters, and an
average of 1.3 reprojection error (around one pixel offset) for extrinsics
calibration.

After the camera calibration, we use Apriltags [37] to align the cam-
era coordinate system with the photogrammetry background capture.
This enables us to accurately overlay our multi-view camera capture
with a high-resolution textured mesh model.

Synchronization. To ensure temporal alignment across multiple views,
we synchronize the four Azure Kinect cameras using a daisy-chain
configuration via 3.5 mm sync cables, following Microsoft’s recom-
mended protocol [3]. In this setup, one device acts as the master (or
primary sensor), generating a synchronization signal that is relayed
to the remaining cameras (subordinate sensors) through chained sync
ports.

When using multiple Azure Kinect devices with overlapping fields
of view, depth interference may occur due to simultaneous IR laser
pulses. To avoid this, we follow Microsoft’s protocol [3] and offset
each subordinate device’s depth capture start time by at least 160 µs
relative to the others.

3.2 Geometry Processing
After acquisition, raw RGB and depth data are saved as lossless .png
image files. Depth images are stored as 16-bit single-channel PNGs
(in millimeters) to preserve precision and range. Using this RGB-D
data, we generate multiple forms of 3D geometry representations. All
geometry processing is performed using Open3D v0.19.0 [45] on an
RTX 4090 GPU.

Point Cloud. We convert each depth map to a 3D point cloud by
projecting depth pixels into 3D space using our intrinsic parameters of
the corresponding RGB camera. These per-view (colored) point clouds
are then transformed into a common world coordinate system using our
extrinsic parameters obtained during calibration.

Textured Mesh. We generate textured meshes through a two-stage
process: (1) 3D surface reconstruction via volumetric fusion, and (2)
occlusion-aware multi-view texture mapping.
Reconstruction using TSDF. We reconstruct a mesh surface from
multi-view depth images using Truncated Signed Distance Function
(TSDF) fusion, implemented with Open3D’s VoxelBlockGrid. TSDF
is well-suited for RGB-D data, as it reduces sensor noise through
spatial averaging, produces smooth and mesh surfaces, and handles
overlapping views robustly.

We set the voxel size to 5 mm and exclude depth values beyond 10 m
from integration to focus reconstruction within the effective sensing
range. The truncation distance is set to 4 cm (eight times the voxel size),
limiting TSDF updates to within ±4 cm of observed surfaces and re-
ducing noise from distant or irrelevant regions. Our toolkit allows users
to adjust these parameters to generate custom mesh reconstructions.
Occlusion-aware Texture Mapping. In multi-view RGB-D setups,
naïve texture projection often causes ghosting, misalignment, or oc-
clusion artifacts due to inconsistent or partially visible surfaces. To
mitigate these issues, we employ a view-aware UV mapping approach

Cam1

Cam1Cam2

Cam3 Cam4

Cam4

Cam2 Cam3

Shifted

Interpolated

Random

Fig. 2: Camera pose visualization in the capture room. Original
(cam1–4), Interpolated, Shifted, Random viewpoint.

that assigns each mesh triangle to the most geometrically consistent
camera view based on per-vertex depth agreement.

Each triangle is projected into all camera views, and visibility is
estimated using a z-error metric—the absolute difference between the
projected vertex depth and the corresponding value in the depth map.
The triangle is then assigned to the view with the lowest aggregated
z-error, and UV coordinates are computed with respect to that camera’s
RGB image. These UVs are normalized over a stitched texture atlas
containing all RGB views. The final UVs are baked into the mesh
representation, enabling texture sampling from reliable viewpoints and
reducing common multi-view artifacts.

Gaussian Splat. We adopt the official implementation of 3D Gaussian
Splatting [21], but instead of initializing with a sparse point cloud
generated via Structure-from-Motion (SfM) over RGB images (as done
in the original pipeline), we use high-fidelity point clouds directly
obtained from depth sensors. This avoids the sparsity and misalignment
commonly found in SfM-based reconstructions.

In detail, we use 4-band spherical harmonics (SH) and follow the
original training schedule (30K iterations), where the Gaussian densifi-
cation process begins at 0.5K iterations and terminates at 15K. With
accurate multi-view RGB-D alignment and known camera poses, we
supervise the splatting renderer by minimizing the difference between
rendered and ground-truth RGB images.

The comparison of the different geometries is provided in Tab. 5,
with further analysis discussed in § 4.2.

3.3 Camera Pose Variants

Unlike conventional 2D video, the perceptual quality of 3D content
heavily depends on the viewer’s 6-DoF perspective. Evaluating solely
from the original, on-axis camera poses can introduce bias and overlook
view-dependent artifacts such as occlusions, shading inconsistencies,
or geometric distortions. To enable robust evaluation of volumetric
data, particularly for tasks such as compression benchmarking, quality-
aware metrics, and view synthesis, we provide multiple types of virtual
camera poses per scene. An overview of the camera pose types is
visualized in Fig. 2. Specifically, for each frame we generate:
• Original views (4): Calibrated camera extrinsics directly from the

capture setup.
• Shifted views (16): Each original view is shifted in four directions

(i.e., up, down, left, right) by 10 cm in the local camera frame.
• Interpolated views (4): Novel views are created by interpolating

between consecutive original views. For each pair, we apply Spher-
ical Linear Interpolation (Slerp) to the camera rotation and linear
interpolation to the translation vector, generating midpoints in pose
space.

• Random views (50): Cameras are sampled uniformly inside the
scene’s axis-aligned bounding box, each looking toward the scene
center.
In total, each scene is rendered from 74 diverse viewpoints. These

views are included in our dataset to support view-aware evaluation
pipelines and are used in our proposed quality-aware metric (§ 4.1).
We also provide a script to generate additional views.

4 SCENEHUB4D DESCRIPTION & ANALYSIS
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Fig. 3: Illustration of the dataset structure.

Dataset structure. Fig. 3 illustrates the structure of our dataset. For
each scene, we provide multiple 3D representations with corresponding
camera pose annotations. RGB and depth images are stored under
rgbd/cam* directories, where each frame begins from index 1.png.
Due to the large data size, we provide only the first frame for geometry-
based formats (e.g., point clouds, meshes, and Gaussian splats) as
representative examples. The rest of the frames can be generated
using the provided software tools. Camera poses are stored under the
camera_pose/ folder and include intrinsic and extrinsic parameters
for each camera. All poses are defined in a world-to-camera coordinate
convention and follow the Open3D coordinate system (right-handed
with +Z forward, +Y up).

The dataset is hosted on the Open Storage Network (OSN) [31], an
NSF-funded distributed data sharing and transfer service based on S3
storage. Since OSN is connected to Internet2, institutions on Internet2
can take advantage of high-speed data transfers for efficient access.

Dataset access, storage, and practical usage. Tab. 2 summarizes the
storage footprint of the dataset. The full dataset, including all RGB-D
frames across all scenes, photogrammetry assets, camera poses, and
representative geometry files, occupies approximately 1.03 TB. To sup-
port rapid experimentation and evaluation, we additionally provide a
lightweight subset that includes 100 RGB-D frames per scene together
with camera poses and photogrammetry, requiring only 31.4 GB. This
subset is designed for tasks such as compression benchmarking, re-
construction quality evaluation, and rapid experimentation, without
requiring users to download the entire dataset.

Tab. 3 reports measured download performance from the Open Stor-
age Network (OSN) for a representative subset (arena_scene1_100,
∼2 GB). At a local site connected via Internet2 (CMU, USA), the
subset can be downloaded in approximately 40 seconds, while a geo-
graphically distant site (Inha University, South Korea) requires roughly
7 minutes at the measured average throughput.

Software suite. We provide a software tool implemented in Python
and C++. It includes utilities to convert RGB-D streams into various
3D representations, instructions for generating Gaussian splats, and
evaluation scripts for computing geometric and rendering quality met-
rics. In addition, we provide a lightweight Unity-based player and a
web-based 3D viewer. The software and dataset are publicly available
at https://scenehub4d.github.io/.

4.1 Metrics
To describe our dataset, we present a set of quantitative metrics to
characterize the spatial, temporal, and geometric complexity of 3D
dynamic scenes, accounting for both perceptual quality and structural
detail.

Geometry Complexity Score (GCS). To quantify the geometric com-
plexity, we define the Geometry Complexity Score (GCS) as:

GCS =

(
Ntri

Atotal

)
︸ ︷︷ ︸

Triangle density

×
(

1+λ1 ·
σarea

µarea
+λ2 ·

σθ

µθ

)
︸ ︷︷ ︸

Irregularity term

× log(1+Atotal)︸ ︷︷ ︸
Global scale weight

(1)

where Ntri is the total number of triangles and Atotal is the total sur-
face area (cm2) of the mesh. The first term, Ntri

Atotal
, captures the local

Component Data Size

RGB-D data (all frames, all scenes) 956.9 GB
RGB-D data (100 frames per scene) 28.6 GB
Photogrammetry 2.7 GB
Camera poses 73.7 KB
Geometry (first frames only) 40.9 GB

Total (full dataset) 1.03 TB
Total (lightweight subset)† 31.4 GB

Table 2: Storage requirements of the SceneHub4D dataset. †The
lightweight subset includes RGB-D data with 100 frames per scene,
along with camera poses and photogrammetry, and is intended for rapid
testing and evaluation.

Measurement Site Avg. Download Speed (Mbps)

CMU (USA) 410.5 ± 8.6
Inha Univ. (South Korea) 37.2 ± 4.1

Table 3: Download performance from OSN storage for a representative
scene subset (arena_scene1_100). It consists of 100 RGB-D frames
(2 GB). At the measured speeds, downloading the subset takes approxi-
mately 40 seconds from a local site and 7 minutes from a geographically
distant site.
triangle density, measuring how densely the mesh is tessellated per
unit area (1/cm2). The second term reflects the structural irregularity,
incorporating the coefficient of variation of triangle areas ( σarea

µarea
), and

the coefficient of variation of dihedral angles ( σθ

µθ
), which accounts for

variations in shape and curvature, respectively. This ensures that overly
flat or uniformly tessellated geometry is not overestimated in complex-
ity. The final term, log(1+Atotal), introduces a scale-aware weighting
by modestly amplifying the score for larger surfaces. Without this, two
meshes with identical density and local variation (e.g., a small object
and a large room) could receive similar scores despite vastly different
spatial scopes. The logarithmic form prevents disproportionate scaling
for extremely large meshes. We set both λ1 and λ2 to 0.5 by default.
In § 4.2, we further analyze the behavior of this metric under geome-
try simplification, illustrating how it reflects structural reduction and
supports quality–complexity trade-off analysis.
Multi-view SSIM. To quantify view-dependent perceptual quality, we
compute the average SSIM across sets of camera poses of different
types: original (orig), shifted (shft), interpolated (intp), and random
(rndm) views, as elaborated in § 3.3. Each camera pose Pi is represented
as a 3×4 extrinsic matrix composed of a 3×3 rotation matrix Ri and
a 3D translation vector ti, i.e., Pi = [Ri | ti]. This matrix transforms
world coordinates into the camera coordinate frame and defines the
viewpoint from which the scene is rendered.

Let Pv denote the set of poses of type v, and Nv = |Pv|. For each
pose type v ∈ {orig,shft,intp,rndm}, we define the multi-view
SSIM as:

SSIM(v)
multi =

1
Nv

∑
Pi∈Pv

SSIM(R(Pi),G(Pi)), (2)

where R(Pi) and G(Pi) denote the rendered and ground-truth images at
pose Pi, respectively.
Quality-aware GCS. While the raw geometry reconstructed from cap-
ture data often contains a very large number of triangles and therefore
exhibits a high Geometry Complexity Score (GCS), such complex-
ity may be unnecessary depending on the application’s tolerance for
perceptual quality loss. For example, if surface details are visually
preserved through textures, minor geometric simplifications may go
unnoticed, as shown in Fig. 4. To reflect this, in addition, we define
a quality-aware GCS that considers the trade-off between geometric
complexity and perceptual fidelity.

Specifically, we apply mesh simplification based on the Quadric
Error Metric [10] at various decimation ratios (50%, 60%, ..., 95%,

4

https://scenehub4d.github.io/


© 2026 IEEE. This is the author’s version of the article that has been published in IEEE Transactions on Visualization and
Computer Graphics. The final version of this record is available at: xx.xxxx/TVCG.201x.xxxxxxx/

Scene / Coverage Activity ID Actors Frames Ntri
Atotal

( 1
cm2 ) GCS GCSSSIM≥0.98 Depth SI V-TI (mm)

Lab area

6.61 m×8.52 m×2.96 m

Conversation, vacuuming, walking 1 2 2549 11.75 105.6 21.7 2566 6.18
Baseball batting practice 2 4 2569 11.71 104.7 21.1 2547 6.73

Group hangout 3 4 2695 11.77 105.86 32 2564 7.16
Yoga, dancing 4 1 2412 11.66 104.6 21.16 2656 5.43

Moving chair, navigation 5 1 1753 11.72 105.2 21.31 2630 6.19
VR gameplay using Quest 6 1 1713 11.76 106.1 21.42 2643 5.53

Static background 0 – 8 11.69 105.6 21.34 2560 3.96

Couch

9.99 m×8.35 m×3.54 m

Reading and talking 1 2 5253 11.73 101.93 20.43 1767 7.14
Informal hangout 2 3 5266 11.75 101.94 21.7 1762 7.33

Fixing a toy 3 3 5249 11.78 101.49 20.39 1718 6.89
Static background 0 – 8 11.64 100.83 20.25 1657 3.36

Kitchen

5.43 m×5.24 m×3.3 m

Talking, searching for items 1 1 5344 12.21 105.38 30.83 1627 6.47
Making coffee 2 2 5327 12.19 104.86 32 1631 6.74

Group talk 3 3 4994 12.28 104.72 30.98 1728 6.07
Static background 0 – 8 12.23 105.78 30.84 1680 3.25

Hallway/Whiteboard

11.92 m×6.96 m×4.44 m

Writing on board 1 2 4914 11.84 107.61 32 3043 6.75
Presenting with gestures 2 3 3900 11.81 106.54 21.69 3037 8.24

Presenting (alternate angle) 3 2 3000 11.79 106.55 32 3045 7.36
Static background 0 – 8 11.84 108.48 21.7 3105 4.25

Factory

12.62 m×8.77 m×4.33 m

Conversation, walking 1 2 2735 12.14 108.2 32.06 2748 7.00
Searching for items 2 2 2758 12.26 108.23 31.9 2912 7.86
Static background 0 – 8 12.16 108.18 31.95 3113 5.0

Table 4: Dataset description with scene size, actor count, frame count, triangle density, GCS, GCSSSIM≥0.98, Depth SI, and V-TI.

(a) Original scene (GCS = 100.19 / Multi-view SSIM = 1)

(b) Decimated scene (GCS = 11.1 / Multi-view SSIM = 0.98)

Fig. 4: Example comparison of original and decimated scenes. Decima-
tion significantly reduces geometric complexity (GCS) with only marginal
loss in perceptual quality (e.g., multi-view SSIM). Wireframe renderings
(left image) highlight geometric structure, while textured surface render-
ings (right image) illustrate visual appearance.

99%), and for each simplified mesh, we compute its multi-view SSIM
as defined in Equation 2. Among these candidates, we select the mesh
with the lowest geometric complexity that satisfies a target perceptual
quality threshold, defined as SSIM ≥ τ . We use τ = 0.98 by default,
since SSIM values above 0.98 are generally considered perceptually
indistinguishable from the reference. We refer to the resulting score as
the SSIM-aware GCS, defined in display form as:

GCSSSIM≥τ (3)

This metric captures the effective geometric complexity required to
preserve perceptual quality at a given level, and provides a more
application-aware interpretation of geometric detail. While we use
multi-view SSIM in our evaluation, other perceptual metrics (e.g.,

PSNR, LPIPS [43]) or geometric metrics (e.g., Chamfer distance, Haus-
dorff distance) can be substituted depending on the application case.

Spatial and (Volumetric) Temporal Information. We adopt the spa-
tial and temporal information (SI and TI) metrics as defined in the
ITU-T Recommendation P.910 [17], which are widely used in video
quality assessment. For each scene, we compute SI and TI on both
RGB and depth image sequences across all camera views, and report
the average values, respectively. Spatial Information (SI) measures the
amount of spatial detail in a frame, computed as the maximum standard
deviation of the Sobel-filtered image (which detects intensity edges)
across time. Temporal Information (TI) captures frame-to-frame varia-
tion and is computed as the standard deviation of pixel-wise temporal
differences between consecutive frames. The final TI is defined as the
maximum of these standard deviations across the sequence.

Traditional TI metrics do not transfer well to depth maps. Noise, oc-
clusion, and inconsistent spatial scale often hinder meaningful motion
analysis. Therefore, we reinterpret temporal information in a volumet-
ric context by analyzing changes across successive 3D point clouds.
Specifically, given a sequence of point clouds {P(t) = {x(t)i }}T

t=1, we
compute frame-wise correspondences C (t) using Iterative Closest Point
(ICP). Then, the Volumetric Temporal Information (V-TI) is de-
fined as the maximum standard deviation of 3D displacements over the
sequence.

V-TI = max
t

σ

(∥∥∥x(t)i −x(t+1)
i

∥∥∥
2

)
, ∀(x(t)i ,x(t+1)

i ) ∈ C (t) (4)

where σ(·) denotes the standard deviation across all matched points in
each frame pair. This metric captures geometric deformation over time.

Geometry Fidelity Metrics. In addition to perceptual quality, we as-
sess geometry fidelity using two standard measures in our compression
benchmark (§ 5): Chamfer Distance (CD) and Root Mean Squared
Error (RMSE). Given two point sets P = {pi}N

i=1 and Q = {q j}M
j=1, the

symmetric Chamfer Distance is defined as:

CD(P,Q) =
1
|P| ∑

p∈P
min
q∈Q

∥p−q∥2
2 +

1
|Q| ∑

q∈Q
min
p∈P

∥q− p∥2
2. (5)
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Fig. 5: Effect of calibration errors on geometry reconstruction accuracy, measured by Chamfer distance and RMSE.

This metric captures the average bidirectional deviation between two
shapes. RMSE is computed as the root mean squared Euclidean error
between corresponding 3D points extracted from mesh vertices after
alignment.

4.2 Analysis
Impact of calibration errors on geometry reconstruction. To better
understand how calibration errors propagate through our reconstruction
pipeline, we analyze the sensitivity of different geometry represen-
tations under controlled reprojection perturbations on both camera
extrinsics and intrinsics (Fig. 5). Since obtaining error-free ground-
truth geometry for room-scale scenes is challenging in practice, we
treat reconstructions generated using our measured calibration param-
eters as a reference and examine how geometry quality degrades as
calibration parameters are progressively perturbed. Specifically, we
inject synthetic reprojection errors ranging from 1 to 1000 pixels into
the calibrated camera parameters and measure the resulting deviation
from the reference geometry using Chamfer distance and RMSE.

For extrinsic perturbations, our analysis suggests that the calibration
accuracy observed in our setup (approximately 1.3-pixel reprojection
error) leads to only single-digit millimeter geometry deviation for point
cloud (< 5 mm). As reprojection error increases beyond this mea-
sured regime, both Chamfer distance and RMSE grow monotonically
(Fig. 5(a–b)), indicating that pose misalignments increasingly accu-
mulate during multi-view fusion. Across the full perturbation range,
mesh-based reconstructions are more sensitive than point clouds, as
surface fusion amplifies inter-view misalignment through TSDF inte-
gration.

For intrinsic perturbations, we observe a similar pattern: the calibra-
tion accuracy observed in our calibration (sub-pixel reprojection error)
is associated with stable geometry across representations, while larger
intrinsic errors lead to measurable distortions (Fig. 5(c)).

To further characterize how such errors manifest across scene depth,
Fig. 5(d) breaks down Chamfer distance into near (0–3 m) and far (3–
6 m) ranges under extrinsic perturbations. The far range incurs higher
error than the near range at the same reprojection offset, indicating that
calibration errors disproportionately affect distant surfaces from the
camera.

Overall, Fig. 5 shows that calibration errors propagate through the
pipeline in a bounded and interpretable manner. Based on this perturba-
tion analysis, our measured calibration accuracy (sub-pixel intrinsics
and approximately 1-pixel extrinsic reprojection error) appears suffi-
cient to maintain stable geometry quality for both point clouds and
meshes, and is compatible with reliable initialization of derived repre-
sentations such as Gaussian splats. Practically, moderate calibration
inaccuracies tend to impact (i) fused mesh reconstructions more than
per-frame point clouds and (ii) far-range geometry more than near-field
surfaces.

Quantitative characterization of the dataset using the proposed
metrics. Tab. 4 summarizes key characteristics of our dataset using
the proposed metrics (§ 4.1). Each scene spans a volumetric coverage
ranging from approximately 94− 480 m3, capturing a diverse set of
environments, and contains on average over 2,500 frames per activity
sequence. In addition to reporting raw GCS, we include a perceptual
variant, GCSSSIM≥0.98, to reflect the amount of geometry that can be
simplified without compromising visual quality, as measured by SSIM.
For example, the “Lab area” scenes exhibit a GCS of around 105.6
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Fig. 6: SI & TI distribution of our dataset. Hollow markers and dotted
lines denote static background sequences.

but can be reduced to a perceptual GCS of 21.7–32.0 while preserving
SSIM ≥ 0.98. This illustrates that despite high initial complexity,
substantial simplification is achievable with minimal perceptual loss.

We also evaluate spatial and temporal dynamics using Depth SI and
Volumetric Temporal Information (V-TI). Interestingly, even in static
background scenes, V-TI values remain non-zero (e.g., 3.25–5.0 mm),
primarily due to depth sensor noise and sporadic miscaptures (e.g.,
floating holes) across frames. However, the distinction between dy-
namic and static scenes is evident—for instance, dynamic scenes such
as “Presenting with gestures” exhibit V-TI up to 8.24 mm, representing
over 2× the movement magnitude compared to static backgrounds.

Fig. 6 visualizes the distribution of Spatial and Temporal Information
across scenes. The RGB SI–TI plot (left) reveals that scenes cluster nat-
urally based on motion and scene content. Hollow markers and dotted
lines denote static background sequences, which cluster distinctly apart
from dynamic scenes. Similarly, in the Depth SI vs. V-TI plot (right),
we observe a clear separation: factory and whiteboard scenes show
high Depth SI and V-TI, indicating richer motion and geometric varia-
tion, whereas static backgrounds occupy the lower end of the spectrum.
These trends validate that our metrics are effective in characterizing
both spatial richness and dynamic behavior in 4D scenes, and further
demonstrate the diversity of real-world captures with varying geometric
and motion characteristics.

Comparison with different datasets. As shown in Fig. 7, our dataset
captures (even without the photogrammetry background) significantly
larger volumes, covering full background environments beyond the
primary subjects. While Panoptic [20] includes background scenes, it
relies on older Kinect v2 sensors and a single fixed dome setup, limiting
both resolution and spatial extent. PCVD [25] and CWIPC [33] use
modern Azure Kinect sensors to produce denser point clouds, but are
restricted to small indoor volumes centered on human activity. Our
dataset combines the strengths of both: high-resolution depth sensing
and large-scale, full-scene coverage. Our scenes exhibit the highest
point density, as we cover expansive backgrounds using modern RGB-
D sensors.

Among the compared datasets, only PCVD provides 3D meshes,
allowing a mesh-level comparison shown in Tab. 6. Unsurprisingly, our
dataset contains significantly more triangles and surface area due to
broader scene coverage. The dihedral angle distributions also differ,
reflecting the structural complexity of the scenes. In terms of geometry
complexity, our GCS is over 2.5× higher than PCVD.

Comparison of different geometry representations. Over the years,
the computer vision and graphics community has developed diverse
formats for representing 3D scenes, ranging from raw per-view RGB-D
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Representation Components Data Type Shape Size (MB) Total Size

RGB-D
(Ncam = 4, H = 1080,W = 1920)

Depth uint16 (H,W,1,Ncam) 16.6 (40%) 41.48 MB
RGB uint8 (H,W,3,Ncam) 24.88 (60%)

Point Cloud
(P = 4.2 M)

Points (x,y,z) float32 (P,3) 50.44 (80%) 63.05 MB
Colors (r,g,b) uint8 (P,3) 12.61 (20%)

Textured Mesh
(T = 1.3 M, V = 3.91 M)

Vertices float32 (V,3) 46.96 (28.3%)

165.82 MB
Triangles int32 (T,3) 15.67 (9.5%)
UV Coordinate float32 (V,2) 31.35 (18.9%)
Normals float32 (V,3) 46.96 (28.3%)
Texture uint8 (H,W,3,Ncam) 24.88 (15%)

Gaussian Splat
(G = 4.4 M)

Positions float32 (G,3) 52.87 (5.2%)

1.005 GB

Scales float32 (G,3) 17.62 (1.8%)
Rotations float32 (G,4) 70.49 (7%)
Opacities float32 (G,1) 17.62 (1.8%)
SH coefficients (degree 0) float32 (G,3,1) 52.87 (5.3%)
SH coefficients (degree 1–3) float32 (G,3,15) 793.02 (78.9%)

Table 5: Raw data size comparison across explicit 3D representations for one temporal frame t (Geometry , Color component ). Ncam,P,V,T , and G
denote the number of camera views, points, vertices, triangles, and gaussians, respectively.

Dataset Triangle Count (M) Surface Area (m2) Dihedral Angle (°) Coverage ( 3√m3) GCS

SceneHub4D 1.5 (±0.6) 45.5 (±14.3) 76.3 (±3.8) 6 (±1.2) 104.94 (±2.1)

PCVD [25] 0.17 (±0.02) 2.58 (±0.4) 91.12 (±0.6) 1.3 (±0.1) 41.84 (±1.1)

Table 6: Comparison of mesh statistics with different dataset: SceneHub4D exhibits significantly larger triangle count and surface area due to
broader scene coverage, resulting in a GCS over 2.5× higher than PCVD.
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Fig. 7: Dataset comparison in point cloud.

images to point clouds, triangle meshes, and most recently, Gaussian
Splat representations. Our dataset enables direct comparison across
these multiple 3D representations under identical scenes. As summa-
rized in Table 5, we analyze the raw data footprint of each format
to clarify differences in structure and aid representation choices for
immersive applications.

In detail, the raw RGB-D images (Ncam=4 views, 1920×1080) con-
tain about 1.02 M valid depth pixels per frame (roughly 50% coverage),
which correspond to 4.2 M points after projection and fusion. This re-
sults in a point cloud requiring 63.05 MB. From this, a textured mesh is
reconstructed using TSDF fusion, producing 3.91 M vertices and 1.3 M
triangles, and expanding the size to 165.82 MB due to the addition of
normals and texture coordinates.

The Gaussian Splat representation, initialized from the same point
cloud, results in a larger storage footprint of approximately 1.0 GB due
to gaussian densification during training (P=4.2 M → G=4.4 M) and
high-dimensional attributes (e.g., 793.02 MB for Spherical Harmonics
(SH) coefficients).

Our dataset and analysis help convey an intuitive sense of how differ-
ent 3D representations compare in practice. For instance, representing
the same scene with 3D Gaussian Splatting requires approximately
6–16× more storage than traditional formats such as meshes and point
clouds, due to densification and high-dimensional attributes. In addition
to providing all representations, we offer conversion tools and precise
pose metadata, enabling reproducible, structured analysis across for-

mats. We hope this helps researchers and developers better understand
trade-offs in representation choices when building 3D-enabled systems.

4.3 Geometry Complexity Score Deep Dive

An effective complexity metric should serve as a practical proxy for
capturing the richness of 3D geometry in a way that correlates with per-
ceptual quality, rendering cost, and storage footprint. In this section, we
investigate whether the proposed Geometry Complexity Score (GCS)
satisfies this role through a series of targeted experiments. Specifically,
we ask:

• Q1: How does GCS behave under progressive geometry simplifi-
cation? Does it effectively capture reductions in complexity while
preserving overall 3D structure?

• Q2: How does GCS correlate with perceptual quality?
• Q3: How does rendering performance vary with GCS, particularly

on compute-constrained VR devices?
• Q4: How does GCS correlate with actual storage size?

GCS behavior and implication (A1). To validate the effectiveness of
the proposed GCS, we analyze how it behaves under geometry simplifi-
cation. Specifically, we perform progressive mesh simplification based
on the Quadric Error Metric [10] at various triangle decimation ratios
from 0% (original mesh) to 99% (heavily simplified geometry), and
observe how GCS responds.1

As shown in Fig. 8a, GCS decreases with increasing decimation.
This trend is intuitive: as the geometry becomes simpler, the number of
polygons reduces significantly while the overall surface area remains
relatively stable. This implies that the high-level structure and topology
of the 3D scene are preserved, even as local geometric details are
reduced. The total surface area curve confirms this stability. GCS
effectively captures this behavior by reflecting both the reduction in
triangle density and the preservation of global structure.

1Here, we use decimation and simplification interchangeably.
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Fig. 9: Volumetric video compression benchmark results using SceneHub4D dataset and metrics.

GCS vs. Perceptual Quality (A2). Fig. 8b shows how perceptual
quality, measured via our proposed multi-view SSIM (§ 4.1) using
all the camera poses (§ 3.3), evolves with respect to GCS. As the
geometry is progressively simplified (i.e., GCS decreases), the multi-
view SSIM remains largely stable, staying above 0.95 even under
high decimation ratios (> 80%, i.e., maintaining less than 20% of the
geometry). This sublinear degradation shows that substantial reductions
in geometric complexity can be achieved without noticeable loss in
visual quality. This relationship aligns with human visual perception,
which is typically more sensitive to texture and lighting changes than
to geometric detail reduction, as shown in Fig. 4.

Motivated by this observation, we introduced a perceptual quality
threshold (e.g., SSIM ≥ 0.98), and we defined a quality-aware com-
plexity score, GCSSSIM≥τ . This is the minimal GCS that satisfies the
given quality constraint. In our example, GCSSSIM≥0.98 = 11.03, as
indicated by the red dashed lines and annotation in the figure.

GCS vs. Rendering Speed (A3). To evaluate how geometric complex-
ity, as quantified by GCS, impacts rendering performance, we measured
the frame rates of our captured scenes on devices with varying compute
capabilities. Specifically, we tested on two standalone VR headsets,
Meta Quest 2 and Meta Quest 3 as well as a desktop machine equipped
with an Intel i9-13900K CPU and NVIDIA RTX 4090 GPU. Each VR
headset was configured to target a maximum display refresh rate of
120 Hz.

As shown in Fig. 8c, rendering speed decreases as GCS increases,
confirming the expected trend: more complex geometry leads to higher
shading and rasterization load. This relationship is observed across all
devices. Furthermore, for a given GCS, devices with stronger compute
capabilities achieve higher frame rates; Quest 3 and the desktop GPU
maintain significantly better performance than Quest 2 or a CPU-only
renderer using OpenGL.

In addition to confirming the relationship between GCS and ren-
dering speed, these findings provide concrete guidelines for how our
dataset can be rendered on different VR platforms under real-time
constraints. When considering real-time rendering thresholds, such
as the 72 FPS baseline (indicated by the red line) commonly used in
VR applications, we find that both the desktop GPU and Quest 3 can
maintain real-time performance up to approximately 10% of the origi-
nal mesh (i.e., 90% decimation) for our captured scenes. As shown in
Fig. 8b, this level of simplification still preserves high perceptual quality
(SSIM ≥ 0.98), suggesting that local rendering at reduced complexity
is viable on these devices.

In contrast, for less capable devices such as desktop CPU-only setups
or Quest 2, real-time rendering is not achievable even with significant
simplification. In these cases, remote rendering on a powerful GPU,

followed by image-based streaming to the client, should be preferable
to maintain responsiveness and visual quality.

GCS vs. File Size (A4). Finally, we investigate how GCS relates
to storage size. As seen in Fig. 8d, file size scales approximately
linearly with GCS. In particular, when comparing raw OBJ files to
Google Draco [12] (lossless) compressed files, we observe an average
reduction of about 10.25× in file size but the overall trend remains
consistent across both formats. The highest compression ratio (∼ 11×)
occurs at the largest complexity (GCS = 106), while the ratio gradually
decreases to around 9× at the lowest complexity level (GCS = 1.5).

The result shows that GCS correlates linearly with storage size, indi-
cating that it effectively captures the actual complexity of the geometry
in both raw and compressed representations.

Across all four dimensions (i.e., structure, quality, rendering speed,
and storage), GCS exhibits consistent and interpretable behavior. This
highlights the role of GCS as a practical abstraction for geometry scene
complexity.

5 SCENEHUB4D USE CASES

One important application of SceneHub4D is research on live volu-
metric video streaming and compression. Datasets for this purpose
must provide realistic content (sensor noise, room-scale, long-duration
captures), be directly usable for replay and integration into streaming
pipelines, and enable reproducibility without complex custom setups.
Due to the lack of publicly accessible, full-scene volumetric video
datasets, prior works on volumetric streaming have often relied on
closed custom datasets with their own camera setups [13, 14, 19, 23],
lower-resolution Panoptic captures [24, 42], or composited full-scene
content constructed from separate foreground and background as-
sets [35, 36].

SceneHub4D allows researchers to reproduce live-like sequences
directly from raw captures, eliminating the burden of complex cali-
bration and synchronization. As a publicly available dataset captured
with modern high-resolution sensors, it lowers the barrier to entry for
research and ensures broad reproducibility. Moreover, it provides di-
verse, long video sequences with full-scene backgrounds, unlike prior
datasets that focused mainly on foreground actors [25,33]. These realis-
tic backgrounds make SceneHub4D especially valuable for evaluating
temporal compression, since inter-frame redundancy is most evident in
static or slowly changing regions. In fact, several research groups are
already employing SceneHub4D dataset in their compression studies,
with early works currently under submission.

In the following, we present a lightweight benchmarking study illus-
trating its use in live volumetric streaming and compression.
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Compression benchmark. We focus on live compression in real-time
streaming scenarios and select representative pipelines that are both
widely used and directly compatible with our RGB-D captures. 2

To demonstrate this, we conduct a benchmarking study across three
representative geometry compression pipelines: (1) mesh decimation
followed by Draco encoding [12, 19], (2) image-based depth compres-
sion using H.265 on 8-bit quantized depth maps with Y-only pack-
ing [13, 22, 23], and (3) an enhanced variant that applies full YUV
packing, providing more bit space for depth representation. For depth
compression, we evaluate H.265 with QP = {5, 15, 25, 35, 45}. For
the Draco + decimation approach, we consider 95% and 99% decima-
tion levels, combined with Draco QP = {0(lossless), 2, 4, 8, 14} with
the highest compression level (cl=10), and derive the Pareto-optimal
curve for each decimation level. In all methods, texture images are
encoded using H.265 with YUV420p pixel format at QP = 30. We
assess perceptual quality using multi-view SSIM and geometry fidelity
using Chamfer Distance and RMSE across a wide range of bitrates.

As shown in Figure 9, Draco (a 3D codec) preserves geometry well
at high bitrates, but struggles to maintain visual quality under aggres-
sive compression. Because it compresses each frame independently and
cannot exploit inter-frame redundancy, making it difficult to achieve
efficient compression at low bitrates (e.g., <100 Mbps) without signifi-
cant quality degradation. In contrast, H.265-based depth compression
(a 2D video codec) achieves better perceptual quality at lower bitrates
thanks to inter-frame prediction, but still suffers from degraded geomet-
ric accuracy (Fig. 9c) compared to Draco. This degradation is primarily
caused by 8-bit quantization, which limits depth precision, particularly
in background regions with large depth variation. Our dataset helps
reveal such limitations more clearly, especially in scenes with complex
and temporally coherent backgrounds.

Motivated by our observation, we applied a simple modification to
the H.265-based compression pipeline: replacing Y-only packing with
full YUV packing, thereby leveraging all three channels (24 bits) for
depth encoding. We refer to this variant as H.265+YUV packing in the
figure, which directly replaces the original Y-only packing. This change
significantly improved perceptual quality (multi-view SSIM) across
all bitrates without increasing geometric error. This demonstrates how
our dataset enables not only direct comparisons across compression
pipelines, but also the discovery and validation of new optimizations.
For example, advanced mesh compression methods [7] can use this
dataset to evaluate their performance.

Remote rendering and streaming. To support research in volumetric
video streaming, we developed a reference playback system that replays
captured sequences from our dataset in a “live-like” manner, simulating
real-time capture and transmission. The pipeline is shown in Figure 10.
Specifically, we implemented a Unity-based local player that renders
the preprocessed frames as if they were being streamed live, enabling
controlled replay and view navigation.

In addition, we developed a remote rendering platform that transmits
camera poses and rendering requests to a server, which performs the

2While MPEG V-PCC and G-PCC are well-known geometry codecs, they
are not directly applicable to RGB-D live capture and are computationally too
heavy for real-time operation in live streaming scenarios.

rendering and streams the resulting rendered views as a video stream to
client devices, including VR headsets, phones, and desktop computers.
This setup allows researchers to evaluate bandwidth, latency, and quality
trade-offs between local and cloud-based rendering under varying levels
of geometry complexity (e.g., different GCS levels).

Our dataset thus supports both offline evaluation and real-time end-
to-end testing for volumetric video delivery systems, bridging the
gap between capture, rendering, and streaming in immersive appli-
cations [15, 27, 28, 41].

6 LIMITATIONS & FUTURE DIRECTIONS

SceneHub4D focuses on room-scale indoor environments captured
using a multi-view RGB-D setup, and thus has several inherent limita-
tions. First, our captures do not directly generalize to outdoor scenes
or extreme lighting conditions, as the depth sensors rely on active
infrared projection and operate reliably only within a limited range
(0.5–6 m) [30]. Very large spaces or very small confined environments
may therefore exhibit reduced depth quality or incomplete coverage.

Second, our current setup uses four fixed cameras in a static stu-
dio configuration, which limits viewpoint coverage and can lead to
occlusions and missing depth regions. To partially mitigate this, we in-
corporate a high-resolution photogrammetric background reconstructed
from a large number of RGB images, which helps fill geometric gaps
outside the effective depth sensing range. Nevertheless, raw RGB-
D data may still contain sensor noise, depth holes, and inaccuracies,
particularly near object boundaries and reflective surfaces.

These limitations suggest several directions for future extensions.
Advances in learning-based depth completion [26, 34], estimation [38,
39] and multi-view stereo reconstruction [6, 18, 40] could be integrated
to improve depth quality and recover missing geometry beyond the
physical sensing limits. Increasing the number of cameras could further
improve coverage.

Finally, the compression benchmarking presented in this paper is
intended as a representative evaluation rather than an exhaustive com-
parison. Our analysis focuses on a small set of widely used compression
pipelines that are practically deployable. A comprehensive comparison
with emerging neural-based compression methods and live volumetric
streaming approaches would require careful consideration of multiple
factors, including evaluation metrics, encoding parameters, encoding
and decoding efficiency, hardware requirements, and data format com-
patibility, which are beyond the scope of this paper. We leave such
extensive comparisons for future work.

7 CONCLUSION

This paper presents SceneHub4D, a comprehensive dataset and eval-
uation framework for 6-DoF 4D VR scenes. Our dataset provides
long-duration, full-scene RGB-D captures with high-quality photogram-
metric backgrounds, multiple geometry representations, and diverse
virtual camera poses for robust evaluation. Beyond static analysis, we
proposed new metrics such as GCS and V-TI and validated their utility
through rendering experiments on desktop GPUs and standalone VR
headsets, highlighting device-specific trade-offs between complexity,
quality, and frame rate. We further demonstrated how SceneHub4D can
support practical applications, including compression benchmarking
and live streaming, through a Unity-based player and remote rendering
system. We envision SceneHub4D as a foundation for standardized
evaluation in immersive media, bridging capture, representation, and
delivery, and enabling future research in scalable volumetric video
systems and VR applications.
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