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Abstract
Dynamic point clouds captured in real-world environments are fun-
damental to immersive multimedia applications such as volumetric
video, XR telepresence, and digital twins. However, point clouds ac-
quired by consumer-grade sensors suffer from severe degradations,
including noise, sparsity, missing geometry, temporal instability, and
color artifacts, which significantly limit downstream reconstruction,
rendering, and compression. Existing point cloud enhancement meth-
ods are predominantly evaluated on synthetic benchmarks and static
scenes, leaving a critical gap in systematic evaluation for real-world,
dynamic (4D), and color point clouds. This Grand Challenge intro-
duces the first in-the-wild benchmark for dynamic point cloud en-
hancement based on the UVG-CWI-DQPC dataset, which provides
paired low-quality consumer-grade captures and high-fidelity multi-
sensor ground truth across diverse dynamic human-centric sequences.
The challenge targets unified enhancement of denoising, completion,
and upsampling, while explicitly accounting for temporal consistency
and color fidelity. Participants are evaluated using a comprehensive
protocol combining geometric accuracy, texture fidelity, perceptual
quality, temporal stability, and computational efficiency, with the top
submissions further assessed via controlled subjective studies. This
challenge aims to foster realistic algorithm design, fair comparison,
and accelerated progress toward practical deployment of dynamic
point cloud enhancement in multimedia systems.
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1 Introduction
Point clouds have emerged as a fundamental data representation in
numerous three-dimensional (3D) vision tasks, ranging from object
recognition and scene understanding to immersive media and digital
twins. However, raw point clouds acquired by commodity sensors
often suffer from sparsity, noise, and incompleteness due to the limita-
tions of acquisition hardware and inevitable sensing artifacts. These
degradations significantly hinder downstream processing, including
reconstruction, rendering, analysis, and compression.

The objective of 3D point cloud enhancement is to resample and
refine input point sets to produce higher-quality data that are clean,
complete, and dense. Enhancement methods may span a wide spec-
trum, including:
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• Deep-learning-based approaches, which learn data-driven
priors for denoising, completion, or upsampling [7];

• Optimization and interpolation methods, which explicitly
exploit geometric consistency [10];

• Multi-modal approaches, which leverage 2D images or
videos to provide complementary structural or textural pri-
ors [14];

• AI-generated 3D content approaches, where enhancement
is viewed as generative point cloud synthesis.

Overall, point cloud enhancement encompasses three main sub-
tasks: (1) denoising to remove noise and outliers; (2) completion to
recover missing or occluded structures; and (3) upsampling to gener-
ate dense and uniform point distributions. It is typically performed
by independently or sequentially conducting point cloud denoising,
completion, and upsampling. Despite the rapid progress of methods
across these dimensions, systematic evaluation and benchmarking
for real-world point cloud enhancement remain insufficient, espe-
cially from the perceptual quality of the point cloud for the immersive
media perspective.

2 Significance of the Challenge
Current evaluation protocols for point cloud enhancement rely pre-
dominantly on synthetic datasets such as ShapeNet [2] and Model-
Net [13], where ground truth is available but data statistics deviate sig-
nificantly from real-world captures. Even robustness benchmarks that
build on these synthetic sets by simulating corruptions demonstrate
the challenge of bridging synthetic training to real noise patterns, but
still do not fully represent genuine real sensor data distributions [8].
In contrast, comparisons on real-world point clouds are frequently
limited to qualitative assessments, which lack both reproducibility
and quantitative rigor required for standardized benchmarking. As
a result, there is a pressing need for new benchmarks that provide
high-quality ground truth under real-world conditions and support
reproducible, quantitative evaluation. Unlike existing benchmarks
that focus on small-scale scenes or single tasks, this grand challenge
will enable holistic evaluation across multiple real-world domains1,
drive the development of realistic solutions for large, heterogeneous
point clouds, and catalyze the adoption of standardized perceptual
quality metrics that reflect human perception beyond the objective
metrics.

Another gap lies in the focus of existing methods: most enhance-
ment algorithms are designed for single-frame point clouds. However,
with the increasing availability of dynamic/time-varying (4D) point
clouds, exploiting temporal information for spatio-temporal enhance-
ment is an open and underexplored challenge.Moreover, most current
datasets only provide geometric information, whereas real-world ap-
plications often require both geometry and color fidelity.

To address these challenges, we introduce the UVG-CWI-DQPC
dataset [3], a dual-quality dynamic point cloud benchmark designed
explicitly for enhancement, compression, and quality assessment.

1https://urban3dchallenge.github.io/?utm_source=chatgpt.com#intro
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Figure 1: Characteristics of the Dual-Quality Point Cloud Sequences in the UVG-CWI-DQPC Dataset
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The dataset comprises 12 dynamic sequences, as shown in Figure1,
captured simultaneously by: (1) a high-end multi-sensor system pro-
ducing high-fidelity point clouds after extensive processing; and (2)
a consumer-grade RGB-D setup with lightweight processing and
open-source tools. Each sequence provides paired high-end ground-
truth point clouds, raw RGB-D footage, calibration data, and tools
for point cloud generation. This unique dual-quality design enables
direct benchmarking of enhancement algorithms across densification,
registration, and perceptual quality tasks.

Beyond the dataset, our proposed Grand Challenge targets several
important research gaps:

• Unified enhancement frameworks: Real-world point clouds
are simultaneously affected by multiple degradations (noise,
sparsity, occlusion). Current methods often address these fac-
tors independently. Developing unified approaches, like a se-
quecial of denoising, completion, and upsampling is critical
for robust 3D processing.

• Dynamic and color point clouds: Our benchmark evalu-
ates algorithms not only on geometry but also on temporal
consistency and color fidelity, extending beyond the scope of
existing datasets.

• Comprehensive evaluation metrics: In addition to widely
used geometry-based distances (e.g., Chamfer Distance), we
will assess texture fidelity using image-based perceptual met-
rics for color (e.g., PSNR and SSIM) as well as computational
efficiency (e.g., average runtime per point cloud sequence).
For the top three submissions, we will further conduct a con-
trolled subjective quality assessment with human participants.
The final evaluation will therefore combine both quantita-
tive and qualitative measures. Final rankings will be based
on a weighted combination of these metrics, reflecting both
reconstruction quality and practical usability.

Through this Grand Challenge, we aim to establish the first sys-
tematic benchmark for real-world, dynamic, and color point cloud
enhancement. This will stimulate new research directions, foster fair
comparisons, and accelerate progress toward practical and robust 3D
vision solutions.

3 Task Definition and Participation Guidelines
3.1 Overview and Tracks
The goal of the Grand Challenge is to advance algorithms that en-
hance real-world, dynamic (4D) color point clouds by producing
accurate, temporally consistent, and visually faithful reconstructions
from consumer-grade captures. Participants may submit methods
that address the following question:
Unified Enhancement: a single method that jointly addresses de-
noising, completion, and upsampling for dynamic color point clouds.
And it can be composed of the following methods:

(1) Denoising & Refinement: remove noise and outliers while
preserving fine geometric details.

(2) Completion & Inpainting: recover missing geometry and
occluded regions in a sequence.

(3) Upsampling &Densification: increase sampling density and
improve point distribution uniformity.

We provide the benchmark results (low-quality point cloud vs.
high-quality point cloud) as the baseline, along with the performance
of five state-of-the-art methods (reconstructed point cloud vs. high-
quality point cloud) on the leaderboard. All submissions will be
ranked on the overall leaderboard. The top three submissions will
undergo a standard subjective pairwise comparison [1].

3.2 Dataset and Splits
The challenge is based on the UVG-CWI-DQPC dataset, which con-
tains 12 dynamic sequences captured simultaneously with (1) a high-
end multi-sensor system producing high-fidelity processed point
clouds (serving as ground truth), and (2) a consumer-grade RGB-D
capture pipeline producing raw footage and derived point clouds.

We propose the following split:

• Training set: 8 sequences (full paired high-end and consumer-
grade data).

• Validation set: 2 sequences (paired, with ground truth pro-
vided).

• Test set: 2 sequences (high-end ground truth withheld; partic-
ipants run their method on consumer-grade inputs and submit
outputs).

For dynamic sequences, participants should process each frame in
temporal order. Ground-truth geometry and texture for the test set
will remain private; evaluation scripts will be run by organizers.

3.3 Input / Output Format
Input: For each sequence, point clouds captured by consumer-grade
cameras alongside the raw RGB and depth images will be provided.

Output: Participants must submit enhanced point clouds in a
standard format (PLY) for every frame in the test sequences, with
per-point color (RGB). Each submission must include:

• A compressed archive containing per-frame point cloud files
(one file per frame).

• A JSON manifest describing sequence names, frame indices,
coordinate system, and any post-processing applied.

• A runtime log reporting per-frame processing time and hard-
ware used.

• A short README (max 2 pages) describing the method and
external data used for training (if any).

Point Cloud Format
• pred ∈ R𝑁×6: Enhanced point cloud with 𝑁 points
• gt ∈ R𝑀×6: Ground truth point cloud with𝑀 points

3.4 Evaluation Metrics and Scoring
We evaluate submissions using a combination of geometric, color,
perceptual, temporal, and efficiency metrics [6, 9, 15, 16] to provide a
comprehensive benchmark. The final score is computed as a weighted
combination of the individual metrics described below.

Geometrical Metrics.

• ChamferDistance.We report the symmetric nearest-neighbor
distance between the predicted point set and the ground truth,
capturing overall geometric deviation.
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• F-score ∈ [0, 1].We compute precision and recall under a fixed
distance threshold 𝜏 in 3D space, then take their harmonic
mean (F1). Intuitively, it rewards reconstructions that are both
accurate (high precision) and complete (high recall) [11].

Color Fidelity.
PSNR. We compute PSNR directly on the point cloud colors after
establishing point correspondences between the enhanced result and
the ground truth. Following common practice in visual quality assess-
ment, PSNR is computed in YUV space (on the luminance channel) as
a simple baseline for color/texture distortion: higher PSNR indicates
smaller mean-squared error in color signals [4, 5].

Perceptual Quality Metrics.

• PCQM. PCQM is a full-reference objective point cloud quality
metric designed for colored point clouds. It combines geometry-
and color-related features into an optimally weighted score
calibrated against human subjective judgments, making it
more perceptuallymeaningful than purely geometric distances
for rendered content [6].

• Projection-based SSIM. Following the common 3D-to-2D
projection paradigm for point cloud quality assessment, we
render multiple views of both the enhanced and ground-truth
point clouds (using consistent camera viewpoints and render-
ing settings), and compute SSIM on the resulting 2D images.
This captures view-dependent structural degradations that
align better with human perception during visual inspection
than point-to-point distances alone [12, 15].

• LPIPS. LPIPS measures perceptual similarity between images
using deep feature distances (instead of pixel-wise errors). We
apply it on the same set of projected views as above to quan-
tify perceptual differences in a way that correlates well with
human judgments, especially for complex texture/appearance
changes [16].

Temporal Consistency.
Pooling Method. For dynamic sequences, per-frame quality scores
are aggregated into a single sequence-level score using temporal pool-
ing. By default, we apply average pooling over frames. Participants
may optionally adopt alternative pooling strategies (e.g., weighted
or semantics-aware pooling) that better reflect the temporal charac-
teristics of their enhancement methods. This allows fair evaluation
of sequence-level enhancement performance while accommodating
methods with different temporal modeling assumptions.

Efficiency.
Runtime per Sequence. We report average processing time per
frame and total runtime per sequence under a specified hardware
setting. This encourages practical methods suitable for real-world
pipelines, where throughput and latency constraints matter.

All metric terms will be normalized to a common scale prior to
weighting; for distance-based metrics lower is better, while for sim-
ilarity metrics, higher is better. Organizers will publish the exact
normalization and scoring code.

4 Challenge organizers

Xuemei Zhou is a Ph.D. candi-
date at TU Delft and CWI (Cen-
trum Wiskunde & Informatica).
She holds a B.S. degree in In-
dustrial Engineering with a mi-
nor in Accounting from Northeast
Forestry University, and an M.S.
degree in Computer Technology
from the Shenzhen Institute of Ad-
vanced Technology, University of
Chinese Academy of Sciences. Her

research interests lie in multimedia systems, image and 3D visual
processing, and human–computer interaction.

Jack Jansen is a researcher at Cen-
trumWiskunde & Informatica. His
research focus is on empowering
people to put available technol-
ogy to a use they themselves en-
vision including activities ranging
from systems (Amoeba), languages
(Python), synchronized networked
multimedia (SMIL, Ambulant, Ta2,
Vconect, 2-Immerse) and IoT to
his current interest in social VR.

Jansen received his M.Sc. degree from Vrije Universiteit.

Pablo Cesar is a senior researcher
at CWI (Centrum Wiskunde & In-
formatica, the Dutch National Re-
search Institute for Mathematics
and Computer Science), where he
leads the Distributed and Inter-
active Systems group. He is also
a Professor of Human-Centered
Multimedia Computing at Delft
University of Technology. He is an
ACM Distinguished Member, an

IEEE Senior Member, and the recipient of the 2020 Netherlands Prize
for ICT.

Guillaume Gautier is a post-
doctoral researcher with the Ul-
tra Video Group (UVG) at Tam-
pere University (TAU), Finland. In
2020, he received his Ph.D. in Sig-
nal, Image, and Vision from INSA
Rennes, France, where his thesis
focused on the secure implementa-
tion of encryption algorithms on
embedded platforms. His current
research interests include volumet-

ric video generation, compression, and transmission. He also con-
tributes to open-source projects, including the award-winning point
cloud encoder, uvgVPCCenc.
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Alexandre Mercat received the
M.Sc. and Ph.D. degrees in Elec-
trical and Computer Engineer-
ing from the Institut National
des Sciences Appliquées (INSA)
of Rennes, France, in 2015 and
2018, respectively. Since 2024, he
has been an Assistant Profes-
sor (tenure track) in Computing
Sciences at Tampere University
(TAU), Tampere, Finland. His re-
search focuses on video coding,
real-time implementations of next-
generation video coding standards,

complexity-aware and energy-aware video coding, and video coding
for machines, AI, and immersive media applications (VR/AR/MR/XR).
He has authored over 40 peer-reviewed publications and received
the Best Paper Award at VCIP 2024 and the Best Open Dataset and
Software Paper Awards at ACM MMSys 2020 and ACM MMSys 2025.
He is a member of the IEEE Visual Signal Processing and Commu-
nications Technical Committee (VSPC-TC) and has served on the
technical program committees of international conferences including
SAMOS, SiPS, ICIP, and ISCAS. In 2021, he co-founded and co-edits
the Insights from Negative Results track in JSPS.

Jarno Vanne received the M.Sc.
degree in Information Technology
and the Ph.D. degree in Computing
and Electrical Engineering from
Tampere University of Technology
(TUT), Tampere, Finland, in 2002
and 2011, respectively. He is cur-
rently a Professor with the Unit of
Computing Sciences, Tampere Uni-
versity (TAU), Tampere, Finland.
He is also the Founder and Leader
of the Ultra Video Group, the lead-
ing academic video research group
in Finland. He has served as a

project manager for 25 international and national research projects
and is the author of over 100 peer-reviewed publications. His research
interests include real-time video coding and streaming, volumetric
video communication, hybrid human and machine vision, vision-
based remote operation in smart manufacturing, vision-based driver
assistance systems, and virtual modeling for smart mobility.

Irene Viola is a senior (tenured)
researcher at Centrum Wiskunde
en Informatica (CWI) in Amster-
dam, The Netherlands. She re-
ceived herM.Sc. in Computer Engi-
neering from the Polytechnic Uni-
versity of Turin, Italy, in 2015, and
her Ph.D. in Electrical Engineer-
ing from the Ecole Polytechnique
Federale de Lausanne, Switzerland,

in 2019. Her research interests in-
clude compression, delivery, and QoE for immersive media systems.
She has served as a Qualinet chair for the task force on Immersive
Media Experiences since 2017 and is actively involved in standardiza-
tion bodies, including MPEG and ITU. She has served as Technical
Program Committee (TPC) chair for the ACM Multimedia Systems
conference (MMSys) workshop Immersive Mixed And Virtual Envi-
ronment Systems (MMVE) in 2021, for MMSys in 2022, for Quality of
Multimedia Experiences (QoMEX) in 2023, and ACM International
Conference on Interactive Media Experiences (IMX) in 2024, and has
organised three editions of the Spring School in Social XR (2023-2025).

5 Commitment
If our proposal is accepted, we commit to publishing and maintaining
a dedicated website for the Grand Challenge, providing up-to-date
information, datasets, and task descriptions for at least the next three
years. For any questions regarding the challenge, please contact Xue-
mei Zhou (xuemei.zhou@cwi.nl) and Irene Viola (irene.viola@cwi.nl).
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