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Abstract. 3D scene reconstruction from 2D images is important tasks
in computer graphics. Unfortunately, existing datasets and benchmarks
concentrate on idealized synthetic or meticulously captured realistic data.
Such benchmarks fail to convey the inherent complexities encountered
in newly acquired real-world scenes. In such scenes the background is
often dynamic, and by popular usage of cell phone cameras, there might
be discrepancies in, e.g., white balance. To address this gap, we present
HuSc3D, a novel dataset specifically designed for rigorous benchmarking
of 3D reconstruction models under realistic acquisition challenges. Our
dataset features six highly detailed, fully white sculptures characterized
by intricate perforations and minimal textural variation. Furthermore,
the number of images per scene varies significantly, introducing the ad-
ditional challenge of limited training data for some instances alongside
scenes with a standard number of views. By evaluating 3D reconstruc-
tion methods on this diverse dataset, we demonstrate the distinctiveness
of HuSc3D in effectively differentiating model performance, particularly
highlighting the sensitivity of methods to fine geometric details, color
ambiguity, and varying data availability — limitations often masked by
more conventional datasets. The project page is available here.

Keywords: Gaussian Splatting - NeRF - Benchmark - Novel View Syn-
thesis.

1 Introduction

The burgeoning field of 3D scene reconstruction has witnessed remarkable ad-
vancements, largely propelled by novel neural representations such as Neural
Radiance Fields (NeRF) [I] and, more recently, 3D Gaussian Splatting (3DGS)
[2]. These methods have demonstrated impressive capabilities in generating pho-
torealistic novel views and detailed 3D geometries from collections of 2D images.
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Consequently, a significant body of research now focuses on improving the fi-
delity, speed, and robustness of these techniques. Central to this progress is the
availability of diverse and challenging datasets for training and, critically, for
benchmarking the performance of these algorithms. However, majority of exist-
ing datasets, while valuable, present a somewhat sanitized view of the data acqui-
sition process. Synthetic datasets, by their nature, offer perfect camera poses and
controlled environments. Even datasets captured in the real world often undergo
meticulous curation, extensive calibration, or are captured under studio-like con-
ditions, resulting in data that is cleaner and more consistent than what an aver-
age user might produce. This discrepancy is particularly relevant as methods like
3DGS become more accessible, inviting users to capture scenes spontaneously
with readily available devices like smartphones. Such "in-the-wild" captures, of-
ten intended for casual 3D reconstruction, inherently possess a different set of
challenges not fully represented by current benchmarks. To address this gap, we
introduce HuSc3D dataset which consists of 6 scenes of white sculptures. The
dataset was made by three different methods and showcases several challenges
that the average user encounters when starting with the reconstruction task.
Our dataset introduces several real-world challenges, including a low number of
COLMAP-matched images [3/4], resulting in limited training data, variations
in automatic white balance (AWB) typical of smartphone video capture, dy-
namic background elements (e.g., passing people in public spaces), and objects
with intricate geometry but low contrast and minimal texture relative to their
surroundings.

2 Related Works

Reconstructing 3D scenes from 2D images is a central problem in computer
vision and graphics. Recent advances have been driven by learning-based ap-
proaches, particularly Neural Radiance Fields (NeRF) [I] and 3D Gaussian
Splatting (3DGS) [2], along with their many extensions [SI6I7ISIOTOTIIT2ITIIT4].
Progress in this area is closely tied to the availability of benchmarking datasets.
While numerous datasets exist supporting progress in 3D reconstruction,
most are either synthetic or rely on professionally acquired real-world data.
Here, we highlight widely recognized benchmarks that represent key data types
and challenges, providing context for the gap addressed by HuSc3D. Synthetic
datasets such as NeRF-Synthetic [I] offer fully controlled environments with
perfect camera parameters and ground truth geometry. While useful for devel-
opment, they omit real-world issues like calibration errors, noisy sensors, lighting
variation, and dynamic elements—factors emphasized by HuSc3D. Among real-
world datasets, Mip-NeRF 360 [5] focuses on large-scale, unbounded scenes with
high-fidelity 360° captures. In contrast, HuSc3D targets object-centric challenges
involving difficult materials (e.g., low-texture or white surfaces) and consumer-
grade capture artifacts such as white balance inconsistencies. The LLFF dataset
[18] addresses sparse, forward-facing views from handheld cameras. While HuSe3D
also includes sparse inputs, it extends this to 360° settings with additional
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Jaroslaw Kacper Wiktor Hanna Paulina Tosia

Fig. 1. Visualisation of cameras in scenes in HuSc3D. The visualisation was made in
Blender [15] using addons Photogrammetry-based Framework [16] and Kiri [17].

photometric and texture-related challenges. CO3D [19] represents large-scale,
category-centric datasets with diverse multi-view object sequences. Rather than
focusing on category generalization, HuSc3D emphasizes reconstruction of par-
ticularly challenging objects under everyday capture conditions. Finally, datasets
like DeepBlending [20] focus on controlled indoor scenes with artificial lighting
and room-scale reconstruction, differing from the object-centric focus of HuSc3D.

3 HuSc3D Dataset

Superior AWB Incorrect AWB Paulina Kacper

Fig. 2. (a) Example of variety in AWB in Tosia scene. (b) Examples of Paulina and
Kacper scenes’ images.

Data acquisition and challenges The HuSc3D dataset consists of six scenes,
each featuring a different sculpture made by the Polish sculptor Pawet Althamer.
The dataset was acquired in the Foksal Gallery Foundation headquarters. Cap-
tured sculptures were made in 2012 and are a part of a Almech project. All
sculptures are white with multiple perforations. Among the dataset there are
three ways of capturing the data with camera positions presented in Fig.

Kacper and Paulina scenes To simulate sparse-view challenges, the Kacper
and Paulina scenes use images captured with a Nikon D7000 and fixed cam-
era settings. After COLMAP-based preprocessing, the final sets contain only
66 (Kacper) and 104 (Paulina) images (see Fig. 2b). This limited data makes
high-fidelity reconstruction difficult, especially for detailed objects. Methods like
NeRF are particularly sensitive to this sparsity, yielding the weakest results com-
pared to approaches such as Splatfacto-MCMC (see Tab. [1] and Fig. [3p).
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GT

Nerfacto

GT before resize GT after resize Splatfacto MCMC

Fig. 3. (a) In scenes with low training samples (Paulina) methods based on NeRF
struggle with reconstruction. (b) The necessary 8x downsizing of input images (Hanna)
causes substantial detail loss, hindering satisfactory reconstruction.

Tosia and Wiktor scenes To simulate common mobile capture issues, two
scenes were recorded using a Samsung Galaxy S24 Ultra, yielding 680 and 596
images by extracting every 20th frame. A key challenge is photometric incon-
sistency caused by automatic white balance (AWB), which introduces varying
color casts (e.g., reddish tint) across frames. This reflects real-world conditions
where on-device processing affects data quality. The Tosia scene contains 13.2%
affected images, while Wiktor has 28.4%. Although these inconsistencies are eas-
ily noticeable to humans (see Fig. ), they typically require preprocessing for
reconstruction algorithms.

Jarostaw and Hanna scenes Two scenes in HuSc3D highlight a key limitation
in modern 3D reconstruction: handling ultra-high-resolution images. Captured
with a Samsung Galaxy S24 Ultra in PRO mode (fixed ISO, aperture, shutter),
the datasets include 348 (Jarostaw) and 190 (Hanna) images at 6000x8000
px resolution. While rich in detail, their use is constrained by computational
cost—requiring 8x downscaling, which removes fine details. These scenes there-
fore act as a stress test for methods to either process high-resolution data efli-
ciently or remain robust to information loss. Even top-performing methods like
Splatfacto-MCMC show noticeable detail degradation (see Fig. )

4 Experiments

To benchmark HuSe3D, six widely used 3D reconstruction methods were eval-
uated: 2DGS [13], Mip-Splatting [21I], NeRF (Nerfacto, Nerfstudio [22]), 3DGS
(Splatfacto, Nerfstudio), 3DGS-MCMC

(Splatfacto-MCMC, Nerfstudio) [23], and Instant-NGP [24] (Nerfstudio). These
represent key approaches in the field, spanning explicit point-based and implicit
volumetric methods.

Ezperimental Setup Reconstruction quality and efficiency were evaluated us-
ing PSNR, SSIM, LPIPS, training time, and FPS.

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:
DOI{ 10.1007/978-3-032-29924-6_54 |



https://dx.doi.org/10.1007/978-3-032-29924-6_54
https://dx.doi.org/10.1007/978-3-032-29924-6_54

HuSc3D: Human Sculpture dataset for 3D object reconstruction 5

Instant NGP MIP Splating Nerfacto Splatfacto MCMC Splatfacto 2DGs GT
. " " L L

Kacper Jaroslaw

Paulina

o ------

Fig. 4. Qualitative comparison. The majority of methods struggled on scenes with
sparse number of training views (Kacper and Paulina).

For all methods we used publicly available implementations with minimal
changes. 2DGS and Mip-Splatting follow their original repositories and default
settings, while Nerfacto, Splatfacto, Splatfacto-MCMC, and In-stant-NGP are
run via Nerfstudio with default configurations. Images were downsampled by 4 x
(8% for Hanna and Jarostaw). Experiments run on an NVIDIA RTX 4090 (256
GB RAM, Ubuntu 24.04). Following 3DGS protocol, 12.5% of images are held
out for testing, and all metrics are computed on this subset.

Quantitative results The quantitative performance on the HuSc3D dataset
is presented in Tab. [I} The superior performance of Gaussian Splatting (GS)
methods (2DGS, Mip-Splatting, Splatfacto, Splatfacto-MCMC) in both recon-
struction quality and rendering speed suggests that explicit, point-based repre-
sentations are more robust to the challenges in HuSc3D. In particular, Splatfacto-
MCMC achieved the best metrics. In contrast, NeRF-based methods (Nerfacto,
Instant-NGP) struggled more significantly. Nerfacto showed consistently lower
fidelity, while Instant-NGP encountered memory limitations on multiple scenes.
These issues likely stem from sensitivity to dynamic backgrounds, limited train-
ing views, and photometric inconsistencies such as white balance shifts, which
are further exacerbated by the texture-poor nature of the objects.

Table 1. Quantitative results across HuSc3D. Best scores per metric are bolded. Time
(mm:sec). *Instant-NGP training failed with OOM for Hanna and Paulina scenes.

PSNR LPIPS
Method SSIM *t + N Time | FPS 1
2DGS 0.920 29.96 0.222 10:21 187.17
Mip-Splatting 0.930 30.62 0.192 11:29 191.74
Nerfacto 0.807 21.98 0.359 12:12 1.39
Splatfacto 0.944 31.38 0.136 7:38 165.71
Splatfacto-MCMC| 0.953 32.45 0.109 16:06 82.34
Instant-NGP 0.908* 27.435% 0.231% 9:55% 1.23%*
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aT 2DaS Mip Nerfacto 3DGS Instant

Splatting MCMC NGP

(a)

(b)

2DGS Mip-Splatting Nerfacto

Fig. 5. (a) Qualitative results. Instant-NGP and Nerfacto favor the dataset’s average
white balance (WB), causing errors or blur, while 3DGS methods successfully recon-
struct sudden WB shifts. (b) Significant artifacts in sparse views. 3DGS - Splatfacto

Qualitative results Qualitative results are presented in Fig. El and Fig. a).
It represents renders made on test set with different methods. Even though,
Splatfacto-MCMC achieved the best results both qualitatively and quantita-
tively, it still could misses intricate details as previously mentioned in Fig. [3]
Multiple methods failed at reconstructing correctly Paulina and Kacper scenes
with sparse views. For fair comparison, we used the same frame throughout
every method, however, multiple methods failed to correctly reconstruct every
point of view in testing sets creating a significant amount of artifacts located
on the object of interest. The methods that had at least one frame failed were
2DGS, Mip-Splatting, Nerfacto (which failed on almost every image). Addition-
ally, Instant-NGP OOM on Paulina scene and on multiple renders in Kacper.
We showcased these exemplary problematic frames in Fig. b).

5 Conclusion

HuSc3D is a novel dataset addressing the limitations of existing 3D reconstruc-
tion benchmarks. While previous datasets often rely on idealized synthetic or
meticulously captured data, HuSc3D focuses on realistic challenges faced by
non-expert users. Given recent advancements in reconstruction methodologies,
we believe the field is now equipped to tackle these real-world complexities.

Limitations and Future Work The dataset size is the biggest limitation of
HuSc3D. Future Work could include more sculptures, presumably from differ-
ent artists. Additionally, every scene could contain captures showcasing every
combination of the mentioned challenges.
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